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ABSTRACT
Brust, Colin W., M.S., December 2020

Systems Ecology

Using Satellite Observations of Soil Moisture to Improve Modeling of Terrestrial Water
Cycles
Chairperson: John Kimball
Terrestrial evapotranspiration (ET) describes the flux of water from the Earth’s surface
to the atmosphere, calculated as the sum of evaporation from soil and leaf surfaces, and
transpiration through plant stomata. ET is the largest terrestrial water flux, returning over
half of the precipitation that falls on land back to the atmosphere, annually. Additionally,
ET plays a key role in Earth’s carbon, water, and energy cycles, linking them together via the
movement of water and CO2 through plant stomata. Because of its important role in these
Earth system processes, it is essential that existing methods of measuring and modeling
ET are accurate. A common method for estimating and monitoring ET at global scales
is through satellite remote sensing. The remote sensing-based models use a combination of
satellite observed vegetation and surface meteorology to estimate ET. Although these models
can be effective at representing global patterns of ET, a common shortfall is that few use soil
moisture as a direct model input. The lack of soil moisture information in these models can
significantly degrade ET estimates, as soil moisture is tightly linked to both soil evaporation
and plant transpiration. This thesis addresses this gap by introducing a satellite observed
soil moisture control to an existing operational remote sensing-based ET model, MOD16.
The results show that introducing a soil moisture control to MOD16 improves estimates of
ET across a wide range of climates and vegetation types within the contiguous United States
study area. This research provides an improved regional representation of ET and clarifies
the role of soil moisture in regulating terrestrial ET and the water cycle. These results can be
used to better understand and predict shifts in the regional water cycle induced by drought
and climate change.
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Chapter 1

INTRODUCTION

1.1 BACKGROUND
Soil moisture is one of the most important variables in earth system modeling, as soil
moisture estimates can be used to monitor plant productivity and vegetation health (Jones
et al., 2017; Rao et al., 2019), assess the status of drought (He et al., 2019a; Wurster et al.,
2020; Otkin et al., 2018), and better quantify terrestrial water losses through evapotranspiration (ET) (Purdy et al., 2018). In early earth system models, coarse resolution soil moisture
generated from complex hydrological models was used to inform these processes (Ducharne
et al., 2000; Koster et al., 2000). However, in recent years, several satellite missions have
launched with goals of monitoring soil moisture at the global scale with fine spatial resolution
and temporal fidelity (Entekhabi et al., 2010; Du et al., 2017; Al Bitar et al., 2017).
Improved soil moisture observations are of particular significance for modeling and monitoring of terrestrial ET, calculated as the sum of evaporation from soil and leaf surfaces,
and transpiration through plant stomata. This is because both transpiration and soil evaporation are closely linked to soil moisture. Water moves from the soil, through plants, and
into the atmosphere following gradients of water potential (Taiz and Møller, 2018). In a
saturated soil, for example, the water potential may be close to zero, while the potential in
the atmosphere is very negative. This gradient of water potential draws water out of both
the soil surface and plant stomata and into the atmosphere (Taiz and Møller, 2018). In a
dry, unsaturated soil however, the difference in potential between the soil and atmosphere
may be smaller, slowing the rate of ET. Because of this process, there are well-defined and
predictable relationships between soil moisture, transpiration, and soil evaporation (Novák
et al., 2005; Novick et al., 2016; Wu et al., 2011).
Despite these strong relationships, many existing models of ET do not directly include
soil moisture observations in the calculation of soil evaporation or plant transpiration. Instead, models assume that a combination relative humidity (RH), vapor pressure deficit
(VPD), temperature, and vegetation leaf area are effective proxies for soil moisture information. Although well-defined relationships exist between all of these variables and soil
moisture, there are two major problems that arise when they are used as substitutes for soil
moisture in ET models:
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1. In many ET models a combination of RH and VPD are used as proxies to represent soil
moisture control on soil evaporation (Fisher et al., 2008; Novick et al., 2016; Mu et al.,
2011). These variables are used as substitutes because at large time scales (months to
seasons) they are highly correlated with soil moisture conditions (Novick et al., 2016).
However, ET models often run at much smaller daily or weekly timescales, where there
is little correlation between these atmospheric conditions and soil moisture. As a result,
models that use this approximation can misrepresent ET, leading to inaccuracies in
model estimates (Michel et al., 2016; Miralles et al., 2016; Novick et al., 2016).
2. Many models assume that leaf area, the VPD, and air temperature are effective in
representing plant water stress for calculating transpiration (Mu et al., 2007, 2011).
However, in addition to the issues listed above in using VPD as a soil moisture proxy,
this assumes that the combination of these three variables effectively represents the
cumulative water stress on plant transpiration. This is problematic, as transpiration
can still occur during periods of high VPD and suboptimal temperatures assuming
there is sufficient soil moisture (Taiz and Møller, 2018; Purdy et al., 2018). Additionally,
high leaf area does not necessarily correlate with optimal transpiration conditions. In
fact, it may take weeks, months, or even years for the effects of abnormally low or high
soil moisture to become apparent through indices such as the leaf area index (MartinStPaul et al., 2013; Liu et al., 2011, 2016). Because of these relationships, it is possible
that current methods for calculating transpiration in ET models are not representative
of soil moisture conditions.
1.2 RESEARCH QUESTIONS
To address these issues in existing ET models, this thesis introduces a satellite observed
soil moisture control to an existing operational remote sensing-based ET model, MOD16 (Mu
et al., 2007, 2011). MOD16 is operational under the MODIS mission on the NASA Earth
Observing system (EOS) Terra and Aqua satellites, providing global estimates of ET every
8 days at a fine (500m) resolution, but without a direct soil moisture control. The updated
model provides improved estimates of ET within the contiguous United States (CONUS)
study area, and can be used in the future for better representation of the regional water
cycle and drought forecasting and monitoring.
To guide this research and better understand the effects of a soil moisture control on
modeled ET estimates, I ask two guiding research questions in this thesis:
1. How does the addition of a soil moisture control affect model estimates of ET within
the CONUS study area?
2

2. In what ecosystems, climates, and land cover types does soil moisture information have
the greatest effect on model ET performance?
To answer question 1, I develop, implement and validate two new versions of the MOD16
algorithm. In the first model, I re-implement MOD16 with regional high-resolution meteorology and calibrate the model using regional in situ observations from flux towers. The
second model shares the same meteorology and calibration scheme, but also includes a satellite observed soil moisture control on model estimates of transpiration and soil evaporation.
By comparing these two models against in situ ground validation data, I can determine
whether the addition of a soil moisture control in the MOD16 algorithm improves estimates
of ET within the CONUS domain.
To answer question 2, the models implemented in question 1 are compared to one
another across a wide gradient of climate and vegetation types. To determine vegetation
types where the addition of a soil moisture control has the greatest influence on ET estimates,
models with and without a soil moisture control are compared with flux tower observations
across 10 different ecosystem types. To determine which climate regimes are most impacted
by the addition of a soil moisture control to model ET estimates, model estimates of ET
are compared across the CONUS domain to determine where the addition of a soil moisture
control leads to the greatest change in ET.
1.3 THESIS OUTLINE
This thesis is broken into three chapters. In chapter 2, a theoretical framework for
an ET model with a satellite observed soil moisture control is developed, implemented,
and tested across the CONUS domain. The model builds on the MOD16 framework by
incorporating observations from the Soil Moisture Active Passive satellite, using a new highresolution regional meteorology (Gridmet), and a regional calibration and validation across
69 CONUS flux tower sites. This chapter has been accepted at the journal of Remote Sensing
of Environment. In the third and final chapter, the guiding research questions of this thesis
are answered, implications and potential applications of the newly developed ET model are
given, and directions for future research are provided.
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Chapter 2

USING SMAP LEVEL-4 SOIL MOISTURE TO CONSTRAIN MOD16 EVAPOTRANSPIRATION OVER THE
CONTIGUOUS UNITED STATES

ABSTRACT
Evapotranspiration (ET) is a key hydrologic variable linking the Earth’s water, carbon and
energy cycles. At large spatial scales, remote sensing-based (RS) models are often used to
quantify ET. Despite the large number of RS ET models available, few include soil moisture as a key environmental input, which can degrade model accuracy and utility. Here,
we use model assimilation enhanced soil moisture estimates from the NASA SMAP (Soil
Moisture Active Passive) mission as a water supply control in the MOD16 ET algorithm
framework. SMAP-derived daily surface (0-5cm depth) and root zone (0-1m depth) soil
moisture are used with MODIS (Moderate Resolution Imaging Spectroradiometer) vegetation observations, and 4km gridded regional surface meteorology (Gridmet) as primary
inputs for estimating daily ET and underlying model soil and stomatal conductance terms.
We calibrated the model environmental response parameters using tower eddy covariance
ET observations representing major North American biomes. The model ET results were
validated using a holdout set of tower observations spanning a large regional climate gradient. The updated ET estimates outperform the baseline MOD16 product across all tower
validation sites (RMSE = 0.758 vs 1.108 mm day-1 ; R2 = 0.68 vs 0.45, respectively). Smaller
relative improvements were obtained using a recalibrated model with 4km Gridmet meteorology, but no soil moisture control (RMSE = 0.813 mm day-1 ; R2 = 0.66), indicating that these
changes are essential for the improved model performance. The soil moisture-constrained
model improvements and relative benefits from the SMAP observations are greater in arid
climates, consistent with stronger soil moisture control on ET in water-limited regions. The
use of SMAP soil moisture as an additional model constraint improves MOD16 regional performance and provides a new framework for investigating both soil and atmosphere controls
on ET.
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2.1 INTRODUCTION
Terrestrial evapotranspiration (ET) is the sum of transpiration through plant stomata,
evaporation from the soil surface, and evaporation from the wet plant canopy. ET is an
important driver of global climate as it links the carbon, water and energy cycles via the
movement of water vapor and CO2 through plant stomata (Jung et al., 2011; Mu et al.,
2007; Zhang et al., 2019b). Additionally, ET is the largest terrestrial water flux, returning
60-70% of the precipitation that falls on the Earth’s land surface back to the atmosphere
annually (Oki and Kanae, 2006; Zhang et al., 2016b). Due to its large role in the Earth’s
water, carbon and energy fluxes, ET is an integral component of hydrologic and land surface
models that inform policy decisions (IPCC, 2014; Koster et al., 2000; Maneta and Silverman,
2013). Finer scale ET estimates are also important for evaluating water use and crop stress
over complex agricultural landscapes (Allen et al., 2007; He et al., 2019a; Wurster et al.,
2020). It is therefore essential that methods for estimating ET are accurate and available
with suitable resolution and extent to capture characteristic ET heterogeneity.
At small spatial scales, the eddy covariance method can be used to calculate ET as
a function of surface-atmosphere latent energy fluxes measured at flux towers (Baldocchi,
2003). However, flux towers only represent a limited sampling footprint, ranging from a
few dozen meters (Arriga et al., 2017) to approximately 1 km in resolution (Barcza et al.,
2009). Additionally, the sparse global tower network is insufficient to capture global climate
and land cover diversity (Pastorello et al., 2017). A common method for augmenting and
extrapolating these sparse observations is to use remote sensing-based (RS) ET models. RS
ET models use satellite observations to provide temporally regular and spatially continuous
ET estimates spanning continental to global extents (Allen et al., 2007; Fisher et al., 2008;
Mu et al., 2011; Purdy et al., 2018; Martens et al., 2017).
ET is a function of the amount of water in the soil, the atmospheric demand for water,
and the incoming solar radiation (Zhang et al., 2016a). Many RS ET models use surface
energy balance methods for estimating ET over continental to global domains, employing satellite observations of vegetation with spatially gridded surface meteorology as model
drivers (Mu et al., 2007, 2011; Purdy et al., 2018). Although many existing RS ET methods
implicitly account for the effect of soil moisture on ET through proxy or correlated variables
such as atmospheric vapor pressure deficit (VPD) or soil temperature, few methods actually use soil moisture as a model input (Allen et al., 2007; Fisher et al., 2008; Mu et al.,
2007, 2011). For example, in the Moderate Resolution Imaging Spectroradiometer (MODIS)
MOD16 algorithm, soil evaporation and transpiration are constrained by daily VPD, relative
humidity (RH) and minimum air temperature (Tmin ;Mu et al., 2007, 2011), based on the
assumption of congruence between near surface atmosphere and soil moisture conditions at
5

coarser spatial and temporal scales (Fisher et al., 2008). However, the relationship between
VPD and soil moisture can become decoupled at shorter (daily to weekly) time scales, leading to model error (Novick et al., 2016; Purdy et al., 2018). Additionally, many RS ET
models do not account for the influence of soil moisture on transpiration, despite the strong
relationship between soil water and canopy stomatal conductance (Lu et al., 2011; Novák
et al., 2005; Wu et al., 2011; Short Gianotti et al., 2019). Instead, VPD and temperature
are generally used to constrain transpiration (Fisher et al., 2008; Mu et al., 2011). However,
the lack of soil moisture information neglects a fundamental water balance control on ET,
which can lead to significant model error (Michel et al., 2016; Miralles et al., 2016; McCabe
et al., 2016).
Here, we introduce a new RS ET model that uses surface and root zone soil moisture information from the NASA Soil Moisture Active Passive (SMAP) mission (subsubsection 2.4.2.1; Reichle et al., 2019) as a control on estimated soil evaporation and transpiration
(subsection 2.3.1). The model is built using the MOD16 framework (subsection 2.2.1; Mu
et al., 2007, 2011), which uses the Penman-Monteith method for estimating ET and is one
of the only global operational RS ET products. The objectives of this study are to (i) investigate the influence of the introduced soil moisture control on the model ET estimates; and
(ii) determine where and why the added soil moisture information is more influential. The
following sections describe the baseline MOD16 algorithm (section 2.2); the model enhancements and methods used for evaluating soil moisture related impacts on ET, and the model
calibration and validation (section 2.3); a summary of the study area, and the materials
and data used as model inputs (section 2.4); followed by a presentation of the model results
(section 2.5), significance (section 2.6), and major conclusions (section 2.7) from this study.
2.2 THEORETICAL BACKGROUND
2.2.1 MOD16 Algorithm
MOD16 uses coarse (approximately 55km x 70km) global surface meteorology inputs
from the Goddard Earth Observing System (GEOS) Forward Processing for Instrument
Teams (FP-IT) product (Rienecker et al., 2008; Lucchesi, 2015) and MODIS Collection 6
surface reflectance products within a modified Penman-Monteith algorithm to estimate daily
ET (Mu et al., 2011). The NASA MODIS MOD16 operational processor aggregates the daily
model outputs to a coarser 8-day temporal average to produce the final ET global product
at a 500m spatial resolution. The MOD16 algorithm has nine parameters that influence
ET environmental response characteristics for different plant functional type (PFT) classes
defined from a model Biome Properties Look-up Table (BPLUT; Table S1). The model
BPLUT parameters are defined for 11 unique PFT categories represented by the MODIS
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MOD12Q1 (Type 2) global land cover product. The model BPLUT is applied with spatially
varying land cover, vegetation cover, and daily meteorology to predict spatial and temporal
variability in ET over the global domain. The core MOD16 algorithm calculates the latent
energy (λE , W m-2 ) form of ET as:
λE =

s · A + ρ · Cp · V P D/ra
s + γ · (1 + rras )

Equation

1.

where s is the slope of the saturated water vapor pressure curve with respect to temperature
(Pa K-1 ); A is the available incoming energy (W m-2 ); ρ is the air density (kg m-3 ); Cp
is the specific heat capacity of air (J kg-1 K-1 ); VPD is the vapor pressure deficit (Pa); rs
and ra are the surface and aerodynamic resistances to ET, respectively (s m-1 ), and γ is
the psychrometric constant (Pa K-1 ). MOD16 further partitions ET into its three major
components: evaporation from the wet plant canopy (λEW C ; W m-2 ), transpiration through
plant stomata (λET RAN S ; W m-2 ), and soil evaporation (λEEV AP ; W m-2 ), such that:
λET OT = λEW C + λET RAN S + λEEV AP

Equation

2.

subsubsection 2.2.1.1 and subsubsection 2.2.1.2 further describe λET RAN S and λEEV AP ,
which were both modified in the updated algorithm (subsection 2.3.1). Since λEW C is
unaffected by soil moisture, it is not modified in the updated algorithm and the reader is
referred to section 2.7 of Mu et al. (2011) for details.
2.2.1.1

Plant Transpiration Calculation

The λET RAN S term in the MOD16 algorithm builds on Eq. (1) by partitioning incoming
solar radiation to the dry plant canopy:
λET RAN S =

(1 − F wet) · Fc · (s · Ac + ρ · Cp · V P D/ra )
s + γ · (1 + rras )
(
F wet =

0
)4
( RH
100

RH < 70%
70% ≤ RH ≤ 100%

Equation

3.

Equation

4.

where AC is the available incoming energy at top of canopy (W m-2 ); Fc is the fractional
canopy cover of a pixel (dimensionless); F wet is the fraction of the canopy that is wet
(%; Fisher et al., 2008), and RH is the relative air humidity (%). rs is a key driver of
transpiration, as it is partially controlled by the leaf stomatal conductance, which ultimately
determines canopy transpiration. rs is calculated as the inverse of canopy-level conductance
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(Cc ; s m-1 ):
rs−1 = Cc =

glsh · (Gs + GCU )
· LAI · (1 − F wet)
Gs + glsh + GCU

Equation

5.

GCU = 0.00001 · rcorr

Equation

6.

Equation

7.

Equation

8.

Equation

9.

rcorr =

101300
Pa

1
T
· ( 293.15
)1.75

Gs = CL · m(Tmin ) · m(V P D) · rcorr
m(Tmin ) =

m(V P D) =



 1

Tmin −Tminclose
Tminopen −Tminclose

Tmin ≥ Tminopen
Tminclose < Tmin < Tminopen




0

Tmin ≤ Tminclose



 1

V P Dclose −V P D
V P Dclose −V P Dopen

V P D ≤ V P Dopen
V P Dopen < V P D < V P Dclose




0

V P D ≥ V P Dclose

Equation

10.

where glsh is the leaf conductance to sensible heat per unit leaf area index (LAI; s m-1 ); GS
is the stomatal conductance per unit LAI (s m-1 ); GCU is the leaf cuticular conductance (s
m-1 ); and rcorr is a function that corrects the conductance according to local air temperature
T (K) and pressure Pa (Pa). To calculate GS, the potential rate of transpiration per unit
LAI (CL ; s m-1 ) is scaled using two linear ramp functions, m(T min) and m(V P D), and the
rcorr term. The ramp functions produce a dimensionless scalar value ranging between zero
and unity for respective fully constrained (value=0) and unconstrained (value=1) stomatal
conductance to water loss. This functional representation assumes that plants both fully
open (T minopen , V P Dopen ) and close (T minclose , V P Dclose ) their stomata under optimal
and adverse environmental conditions (Jones et al., 2017; Mu et al., 2007). The product
of the scalars accordingly reduces stomatal conductance (Gs ) from its prescribed maximum
rate (CL ) for different PFT classes.
2.2.1.2

Soil Evaporation Calculation

Soil evaporation is derived from the sum of saturated (λESAT ) and non-saturated
(λEnSAT ) soil surfaces within a pixel:
F wet · (s · Asoil + ρ · Cp · (1 − Fc ) · V P D/ras )
s + γ · rtot /ras

Equation

11.

(1 − F wet) · (s · Asoil + ρ · Cp · (1 − Fc ) · V P D/ras )
s + γ · rtot /ras

Equation

12.

λESAT =

λEnSAT =
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where Asoil is the fraction of incoming solar radiation available at the soil surface (W m-2 ;
Mu et al., 2011); ras is the aerodynamic resistance at the soil surface (s m-1 ); and rtot is
the total aerodynamic resistance to water vapor transport (s m-1 ). rtot is assumed to change
according to PFT, and is bound by minimum and maximum total aerodynamic resistance
BPLUT parameters (rblmin and rblmax ; s m-1 ):
rtot = rtotc · rcorr

rtotc



 rblmax
rblmax −
=


rblmin

(rblmax −rblmin )·(V P Dclose −V P D)
V P Dclose −V P Dopen

Equation

13.

V P D ≤ V P Dopen
V P Dopen < V P D < V P Dclose
V P D ≥ V P Dclose

14.
Total soil evaporation is calculated as the sum of evaporation from the saturated and unsaturated soil components within a pixel:
Equation

λEEV AP = λESAT + λEnSAT · f (SM )

Equation

15.

RH RH/β
)
Equation 16.
100
where f (SM ) is an estimated soil moisture constraint on evaporation that uses RH and
VPD as proxies for soil moisture, and β is the soil moisture sensitivity to VPD. f (SM ) is
a unitless scalar, ranging between zero and unity, defining how much water in unsaturated
soil can be lost to evaporation (Fisher et al., 2008).
f (SM ) = (

2.3 METHODS
Our model builds on the MOD16 algorithm outlined in section 2.2 by introducing
two new functions that use SMAP soil moisture (subsubsection 2.4.2.1) to constrain soil
evaporation (subsubsection 2.3.1.1) and transpiration (subsubsection 2.3.1.2). Unlike the
MOD16 global product, this study is restricted to the contiguous US (CONUS) domain
(subsection 2.4.1) and exploits finer regional meteorology inputs from Gridmet (subsubsection 2.4.2.3). The updated model was calibrated using ET observations from 69 CONUS
flux tower sites (subsection 2.4.3), whereas the original model was calibrated using 46 global
tower sites. Four different model versions were compared to distinguish impacts from model
recalibration, the addition of a soil moisture control, and the use of SMAP observations on
model accuracy (Table 2.1).
2.3.1 Implementing a Soil Moisture Control on Model ET Estimates
Here, a modified ET algorithm is implemented, augmenting the baseline MOD16 framework. The enhancements are summarized below and include the addition of surface and root
9

Table 2.1. Descriptions of ET models setups evaluated in this study.
Model

Description

ETMOD16G

Baseline MOD16 operational product forced with coarse (approximately 55km X 70km) global (G) surface meteorology inputs from
the GEOS FP-IT product.

ETNSR

MOD16 algorithm forced with 4km Gridmet meteorology (subsubsection 2.4.2.3) with no soil moisture (NS) control, and recalibrated
BPLUT parameters that reflect the new regional (R) meteorology
inputs.

ETNRR

Updated MOD16 algorithm forced with 4km Gridmet meteorology
and NRv7.2 (subsubsection 2.4.2.1) soil moisture (NR), and recalibrated BPLUT parameters that reflect the new regional (R) meteorology and soil moisture inputs.

ETL4R

As in ETNRR but using SMAP L4_SM (subsubsection 2.4.2.1) as
the model soil moisture input (L4).

zone soil moisture as additional water supply controls on soil evaporation and transpiration
calculations, respectively. This new framework is designed to exploit operational satellite
soil moisture information from the NASA SMAP mission.
2.3.1.1

Soil Moisture Control on Soil Evaporation

The f (SM ) relationship in Eq. (16) assumes that VPD and RH are effective proxies
for soil moisture controls on ET (Fisher et al., 2008). However, this assumption may be
invalid at the MOD16 daily time scale (Novick et al., 2016) and can contribute to model
uncertainty. Here, we replace f (SM ) in Eq. (15) with a more direct soil moisture control
outlined in Fisher et al. (2008):
REW =

SF SM − SF SMmin
SF SMmax − SF SMmin

Equation

17.

where REW is the relative extractable soil water; SF SM is the surface soil moisture of
a pixel; and SF SMmin and SF SMmax are the respective minimum and maximum surface
soil moisture values for the period of record. REW is a relative soil moisture index, which
assumes that the full range of soil moisture variability at a given location is represented
within the period of record defined from soil moisture observational inputs.
2.3.1.2

Soil Moisture Control on Plant Transpiration

Previous studies indicate an approximate relationship between transpiration and soil
moisture that asymptotes above a maximum threshold where transpiration is insensitive to
wetter soil conditions (Gardner and Ehlig, 1963; Novák et al., 2005; Purdy et al., 2018;
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Short Gianotti et al., 2019; Wu et al., 2011). The transpiration response to soil moisture is
represented by the following ramp function, which is similar to the functional form of the
model Gs response to VPD and Tmin (Eq. 8):

m(SM ) =



 1

SMclose −RZSM
SMclose −SMopen

RZSM ≥ SMopen
SMopen > RZSM > SMclose




0

RZSM ≤ SMclose

Equation
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where SMclose and SMopen are the root zone soil moisture contents at which plants completely close and open their stomata, respectively, and RZSM is the root zone soil moisture
scaled between zero and one as described in Eq. (17). m(SM ) is used with the VPD and
Tmin scalars in Eq. (8) to determine the bulk model Gs response. The slope and intercept of
this relationship varies according to plant type, soil properties, and the rate of transpiration
(Novák et al., 2005; Wu et al., 2011); therefore, unique SMclose and SMopen values were calibrated for different PFT classes and represented within the BPLUT (subsubsection 2.3.1.3;
Table 2.2). The above MOD16 modifications distinguish atmospheric moisture deficit and
soil water supply controls on transpiration and soil evaporation, potentially improving model
accuracy and clarifying underlying controls on ET.
2.3.1.3

Model Calibration and ET Validation

To accommodate the added model soil moisture control and Gridmet meteorology, we
recalibrated the original MOD16 BPLUT parameters (Table S1). However, T minopen and
T minclose were left unchanged, as the model performance is insensitive to these parameters
(Zhang et al., 2019a). Following Zhang et al. (2019a), we used Differential Evolution Markov
Chain Monte Carlo simulations to minimize root mean squared error (RMSE) differences
between the model simulations and daily ET observations from tower sites representing
major PFT classes.
The calibration procedure was performed 10 times for each PFT, as data were randomly
split into 10 equally sized groups for k-fold cross validation. In this process, nine groups
were used to calibrate the model parameters, while the remaining holdout group was used to
calculate error metrics using the new parameter values. This process was repeated 10 times
so that all tower site records could be used for both calibration and validation. The error
metrics reported in Table 2.5 were calculated using all tower data withheld from calibration
from 2015 – 2017. This process ensured that all models were compared against the same
set of observations, as the ETL4R data were unavailable until after the SMAP launch in
2015. Tower ET observations from 2015 – 2017 were selected from the AmeriFlux network
(https://ameriflux.lbl.gov) to represent all major CONUS PFT classes, except for DNF,
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Table 2.2. Calibrated ETNRR BPLUT values for CONUS PFTs. Rows with Metric=’Mean’ contain the mean of the best parameters across all test folds. Rows with Metric=’StdDev’ contain the standard deviations of the best parameter values. CL is the mean
stomatal conductance per unit leaf area; VPDopen and VPDclose are the VPD values at
which plants open and close their stomata, respectively; SMopen and SMclose are the soil
moisture values at which plants open and close their stomata, respectively; gl_e_wv is the
leaf conductance of water vapor per unit LAI; glsh is the leaf conductance of sensible heat
per unit LAI; rblmin and rblmax are the minimum and maximum values for aerodynamic
resistance of the soil, respectively.
PFT

Metric

CL

gl_e_wv

glsh

rblmax

rblmin

SMclose

SMopen

VPDclose

VPDopen

BRO

Mean

0.0106

0.061

0.08

102

57

0.007

0.119

5300

1194

BRO

StdDev

0.001

0.038

0.027

31

18

0.007

0.02

819

590

CER

Mean

0.0106

0.076

0.04

92

74

0.019

0.159

5472

955

CER

StdDev

0.001

0.022

0.006

15

16

0.022

0.035

944

398

CSH

Mean

0.0108

0.085

0.029

104

78

0.059

0.261

4696

1062

CSH

StdDev

7E-04

0.029

0.005

12

16

0.028

0.056

675

365

DBF

Mean

0.0106

0.091

0.027

138

62

0.019

0.169

5309

1342

DBF

StdDev

0.0012

0.022

0.005

13

25

0.016

0.06

942

344

DNF

Mean

0.009

0.054

0.007

112

69

0.005

0.189

5291

1215

DNF

StdDev

0.0022

0.04

0.003

24

22

0.004

0.087

1036

646

EBF

Mean

0.0087

0.039

0.031

66

22

0.009

0.179

5226

644

EBF

StdDev

0.0027

0.027

0.023

30

7

0.006

0.092

1273

494

ENF

Mean

0.009

0.054

0.007

112

69

0.005

0.189

5291

1215

ENF

StdDev

0.0022

0.04

0.003

24

22

0.004

0.087

1036

646

GRA

Mean

0.0107

0.081

0.054

126

86

0.016

0.175

5563

1388

GRA

StdDev

0.0012

0.028

0.022

23

20

0.017

0.068

948

523

MF

Mean

0.0077

0.076

0.029

131

91

0.007

0.154

4957

882

MF

StdDev

0.002

0.03

0.028

11

15

0.005

0.042

1273

456

OSH

Mean

0.0091

0.053

0.044

146

105

0.052

0.395

4856

1405

OSH

StdDev

0.0016

0.04

0.022

4

4

0.03

0.198

903

208

SAV

Mean

0.0066

0.076

0.04

148

106

0.07

0.538

4087

1802

SAV

StdDev

0.0022

0.03

0.038

2

4

0.056

0.283

963

161

WSA

Mean

0.0066

0.076

0.04

148

106

0.07

0.538

4087

1802

WSA

StdDev

0.0022

0.03

0.038

2

4

0.056

0.283

963

161

EBF, MF and SAV classes, which did not have suitable tower observations meeting the
defined data quality threshold (subsection 2.4.3)
To distinguish improvements in model accuracy contributed from the addition of a new
soil moisture control versus recalibration, separate calibrations were performed for ETNRR

12

Table 2.3. Calibrated ETNSR BPLUT values for CONUS PFTs. Rows with Metric=’Mean’ contain the mean of the best parameters across all test folds. Rows with Metric=’StdDev’ contain the standard deviations of the best parameter values. CL is the mean
stomatal conductance per unit leaf area; VPDopen and VPDclose are the VPD values at
which plants open and close their stomata, respectively; gl_e_wv is the leaf conductance
of water vapor per unit LAI; glsh is the leaf conductance of sensible heat per unit LAI;
rblmin and rblmax are the minimum and maximum values for aerodynamic resistance of the
soil, respectively.

PFT

Metric

CL

gl_e_wv

glsh

rblmax

rblmin

VPDclose

VPDopen

BRO

Mean

0.0097

0.087

0.01

119

69

5928

1385

BRO

StdDev

0.0012

0.0266

3e-4

22

28

929

481

CER

Mean

0.0112

0.088

0.013

94

53

5397

1375

CER

StdDev

6e-4

0.0186

0.0013

26

28

769

478

CSH

Mean

0.0114

0.073

0.028

63

19

5142

723

CSH

StdDev

6e-4

0.033

0.0104

36

8

1131

216

DBF

Mean

0.0113

0.104

0.034

103

22

5439

605

DBF

StdDev

6e-4

0.0153

0.0043

29

9

1243

118

DNF

Mean

0.0035

0.069

0.013

120

76

4852

787

DNF

StdDev

9e-4

0.0311

7e-4

23

22

1010

448

EBF

Mean

0.0068

0.053

0.043

40

17

4679

657

EBF

StdDev

0.0031

0.0319

0.0371

19

8

1327

293

ENF

Mean

0.0035

0.069

0.013

120

76

4852

787

ENF

StdDev

9e-4

0.0311

7e-4

23

22

1010

448

GRA

Mean

0.0118

0.082

0.058

67

42

6075

1753

GRA

StdDev

1e-4

0.0239

0.0043

30

27

613

118

MF

Mean

0.004

0.084

0.013

127

76

4931

1220

MF

StdDev

7e-4

0.0285

5e-4

17

19

1539

474

OSH

Mean

0.0104

0.041

0.015

138

45

5831

1538

OSH

StdDev

0.0018

0.0243

6e-4

9

21

935

300

SAV

Mean

0.0089

0.085

0.016

136

40

5414

1398

SAV

StdDev

0.0011

0.0275

0.0011

15

23

583

150

WSA

Mean

0.0089

0.085

0.016

136

40

5414

1398

WSA

StdDev

0.0011

0.0275

0.0011

15

23

583

150
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and ETNSR . The calibrated BPLUT parameters (Table 2.2, Table 2.3) show the mean values
and standard deviations of the parameters that produced the lowest errors for ETNRR and
ETNSR , respectively. Parameters defined for ETNRR were also used for ETL4R due to the
shorter (2015-2017) SMAP operational record.
To quantify model performance and investigate the role of soil moisture on the ET
estimates, all models introduced in section 2.3 were compared to daily tower ET observations not used in calibration for the 2015 – 2017 period using RMSE, bias (model minus
observation) and the coefficient of determination (R2 ) as performance metrics. The relative
improvements from the novel components of the updated algorithm were assessed for:
• (i) the model recalibration and regional Gridmet meteorology (by comparing ETMOD16G
and ETNSR ; subsection 2.5.1);
• (ii) the added soil moisture control (by comparing ETNSR and ETNRR ; subsection 2.5.1);
and
• (iii) the assimilation of SMAP observations (by comparing ETNRR and ETL4R ; subsection 2.5.2).
To verify that differences between updated model estimates of ET are statistically significant
at flux tower evaluation sites, we perform ANOVA tests between ETNSR , ETNRR , and ETL4R
at all tower sites used for model validation. To perform the tests, model estimates across
all towers for each PFT are aggregated and compared in pairwise ANOVA tests. We use
an acceptance p-value criteria of 0.05 to assess whether model estimates (and performance
metrics) of ET are truly different from one another.
2.3.2 Determining Regional Influence of Soil Moisture on Model ET Estimates
We compared differences in estimated annual average ET from the different model
versions over the CONUS domain to determine where the added soil moisture control is
more influential on the model ET calculations. Mean annual differences between ETL4R ,
ETNSR , and ETNRR were used to evaluate the respective impacts of the added soil moisture
control and SMAP observations on the model ET estimates. The above comparisons were
conducted for the period overlapping with SMAP operations (2015-2017). The aggregated
annual ET results from the models were evaluated against alternative annual ET estimates
from the spatially continuous FLUXCOM monthly record (subsection 2.4.4). Here, ETNRR
was used as a proxy for ETL4R because it spanned the entire FLUXCOM record (2003 –
2013). Variations in model ET differences and relative performance against the FLUXCOM
14

ET benchmark were evaluated across the CONUS domain and regional gradient in climate
aridity, AI, defined as the ratio of mean annual potential ET to precipitation (UNESCO,
1979).
The partitioning of ET into its primary components (transpiration, soil evaporation and
evaporation from the wet canopy) is an important and developing area of study (Fisher et al.,
2017). Here, we used the model outputs to map regional differences in the relative contributions of each component to mean annual ET over the CONUS domain. Differences between
the ETL4R and ETNSR outputs were used to clarify the spatial influence of SMAP defined
soil moisture controls on model ET partitioning. The relative contributions of transpiration,
soil evaporation and evaporation from the wet canopy on the aggregate ET calculations
were represented by a linear mapping of the relative contribution (%) of each component to
total ET. Additionally, we ran the ETL4R model at three flux towers with and without the
environmental constraint scalars in Eq. (8) to assess how transpiration is affected by VPD,
temperature, and soil moisture across an AI gradient.
2.4 STUDY AREA AND MATERIALS
2.4.1 Study Area
This study encompasses all CONUS vegetated land areas from 2003 to 2017. The distribution of the dominant PFT classes over the domain is shown in Figure 2.1. The CONUS
domain contains all 12 PFT classes depicted in the MODIS MCD12Q1 global land cover
classification (Friedl et al., 2002), including croplands (broadleaf (BRO) and cereal (CER)),
evergreen needleleaf forest (ENF), evergreen broadleaf forest (EBF), deciduous needleleaf forest (DNF), deciduous broadleaf forest (DBF), mixed forest (MF), closed shrubland (CSH),
open shrubland (OSH), woody savanna (WSA), savanna (SAV), and grassland (GRA). However, the EBF, DNF, and CSH classes are sparse compared to other PFT categories, with
each class representing <1% of the CONUS domain. Additionally, there were no tower observations representing DNF or SAV that met our tower quality (QA/QC) threshold. Therefore,
BPLUT parameter values for the DNF and SAV PFT classes were defined from respective
ENF and WSA parameters following Mu et al. (2011).
2.4.2 Model Inputs
All input datasets used for the model ET calculations are summarized in Table 2.4. The
ET model inputs come from three sources: MODIS surface reflectance products, SMAP soil
moisture products, and Gridmet meteorology. MODIS products define land vegetation and
surface reflectance characteristics, while SMAP and Gridmet are used to define soil moisture
and meteorological constraints on ET, respectively. Input datasets with a temporal resolution
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Figure 2.1. CONUS land cover derived from the MOD12Q1 Type 2 and Type 5 land
cover products for the 2003 – 2017 period. Blue triangles show the location of AmeriFlux
towers used for calibration and validation of new ET models. The labelled towers contain
data after March 31st, 2015 that were used for model validation. The number of towers in
each PFT class are shown in the legend (in parenthesis).
greater than one day were linearly interpolated to a daily time step. Sub-daily inputs were
aggregated to a daily time step by taking the mean of all values within a day. We resampled
all model geospatial inputs to a 500m resolution using bilinear interpolation to match the
MODIS MOD16 operational product (Mu et al., 2011; Zhao et al., 2005). MODIS inputs
affected by clouds or atmospheric interference were identified using the respective product
quality (QA/QC) flags. Affected pixels were gap-filled using temporal nearest-neighbor
selection of adjacent good pixel values (Zhao et al., 2005). We developed and ran the model
on the Google Earth Engine (GEE) platform (Gorelick et al., 2017) and summarized model
results using the R programming language.
2.4.2.1

SMAP L4_SM Soil Moisture

We used version 4 of the NASA SMAP mission operational Level-4 Soil Moisture product (L4_SM; Reichle et al., 2018) as model surface and root zone soil moisture inputs. The
L4_SM product is derived from the global assimilation of SMAP L-band (1.4GHz) daily microwave brightness temperature (Tb) observations into the NASA Catchment land surface
model (CLSM; Koster et al., 2000). The L4_SM model uses an ensemble Kalman filter to
assimilate SMAP brightness temperatures and other observations into the CLSM for estimating surface (top 5cm) and root zone (0-1m depth) soil moisture (Reichle et al., 2017).
Unlike lower order satellite retrievals, the L4_SM product is spatially and temporally continuous over the global domain and includes model informed calculations of root zone soil
16

Table 2.4. All inputs used to model daily ET from the MOD16 algorithm framework
used in this study.
Product

Description/Purpose

Spatial Resolution

Temporal Resolution

SMAP L4_SM

Daily surface and root zone soil
moisture inputs from version 4 of
the SMAP L4_SM operational
product, 2015 – 2017. Used to
drive ETL4R model.

9km x 9km

3-hour

SMAP NRv7.2

Daily surface and root zone soil
moisture inputs from SMAP
L4_SM Nature Run version 7.2
(NRv7.2), 2003 – 2017. Used to
drive ETNRR model.

9km x 9km

3-hour

MCD12Q1

MODIS annual land cover product
used to define pixel-level BPLUT
values.

500m x 500m

Annual

MCD15A2

MODIS FPAR/LAI product used
to partition pixel-level ET between transpiration and evaporation and scale leaf-level transpiration to the canopy.

500m x 500m

4-day

MCD43A3

MODIS surface albedo product
used to determine net solar radiation available for ET.

500m x 500m

Daily

Gridmet

Daily meteorological inputs to the
ET model, including maximum
and minimum temperature, VPD,
RH and incoming solar radiation.

4km x 4km

Daily

moisture conditions that are consistent with the assimilated SMAP brightness temperature
observations.
The SMAP L4_SM operational product is available starting March 31st, 2015, which
limits how far back we can derive the ETL4R record. This relatively short record can misrepresent the longer-term soil moisture climatology required by the ET model (e.g. Eqs. 17,
18). The operational record also imposes a temporal discontinuity between model drivers
and tower ET observations used for model calibration and validation; whereby, the bulk
of available tower observations occur prior to 2015 (e.g. FLUXNET2015; Pastorello et al.,
2017), with sufficient measurements available for this study through 2017, which leaves us
with an approximately three-year study period (2015-2017).
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To address the above limitations, we extended the model ET simulations over a longer
record (2003-2015) using the SMAP Nature Run version 7.2 (NRv7.2) soil moisture product
(Reichle et al., 2019). NRv7.2 is derived from the same CLSM version as the L4_SM
product but is not informed by SMAP observations. In a ground validation study of 18
sites spanning various climate and PFT conditions, NRv7.2 estimated surface (root zone)
soil moisture with an unbiased RMSE of 0.043 m3 m-3 (0.030 m3 m-3 ), and the assimilation
of SMAP Tb observations improved the unbiased RMSE to 0.039 m3m-3 (0.026 m3m-3)
for L4_SM (Reichle et al., 2019). This accuracy is sufficient for representing soil moisture
related controls within our ET model framework. Both L4_SM and NRv7.2 produce global
estimates of surface and root zone soil moisture at a 3-hour time step on the 9km resolution
global EASE-grid (version 2; Brodzik et al., 2014). We used the L4_SM (and NRv7.2) root
zone soil moisture estimates to constrain transpiration and the corresponding surface soil
moisture estimates to constrain soil evaporation in the model ET calculations.
2.4.2.2

MODIS Products

The MODIS MCD15A3H product (Myneni et al., 2002) provides composited global
estimates of LAI and FPAR every four days at a 500m resolution. The LAI/FPAR product
is used in MOD16 to partition incoming solar radiation between the soil surface and plant
canopy. FPAR serves as a proxy for fractional vegetation cover (Fc ) within a pixel (Eq. 3),
while LAI is used to upscale leaf stomatal conductance to canopy-level conductance (Eq.
5). The MODIS MCD43A3 Albedo product (Schaaf and Wang, 2015) provides global daily
500m surface albedo estimates, which are used to derive daily net radiation from incoming
shortwave radiation, consistent with the baseline MOD16 logic.
The MODIS MCD12Q1 land cover product (Friedl et al., 2002) gives the dominant PFT
within each 500m pixel and is used to assign BPLUT parameters to each pixel. The original
MOD16 logic uses the MODIS MCD12Q1 Type 2 land cover classification, which does not
distinguish BRO and CER crop types. However, BRO and CER account for approximately
4.6% and 14.1% of the CONUS domain, respectively. Here, we use a combination of the
Type 2 and Type 5 land cover schemes to better distinguish ET conditions between the two
crop types. For a given pixel, if the Type 2 PFT is classified as cropland and the Type 5
value represents either BRO or CER, we assign the pixel to the appropriate Type 5 category.
2.4.2.3

Gridmet Meteorology

The MODIS MOD16 operational product uses GEOS FP-IT input meteorology for
the ET calculations. Here, we use an alternative Gridmet daily surface meteorology record
(Abatzoglou, 2013) as inputs for the model ET calculations. Although Gridmet is limited
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to the CONUS, it has a smaller pixel size than the global GEOS FP-IT product (4km x
4km vs 55km x 70km), which may enhance the spatial representation of ET and underlying
environmental drivers (He et al., 2019b).
2.4.3 AmeriFlux ET
We used in situ daily ET observations from the AmeriFlux tower network (Baldocchi
et al., 2001) for BPLUT calibration and model ET validation. We followed the gap filling
and QA/QC procedure described by Mu et al., (2011) to remove lower quality data and to
upscale the 30-minute tower observations to a daily time step. Additionally, many flux tower
observations fail to close the energy balance (Foken et al., 2006; Purdy et al., 2018), which
can lead to unrealistic ET estimates. To address this issue, we filtered out any 30-minute
data where the energy imbalance exceeded 300 W m-2, following (Zhang et al., 2019a). The
QA/QC procedure left 69 (of 107 initial sites) representing 10 PFT classes (Table S2). The
energy balance closures for the 69 remaining sites ranged from 77 to 92%, suitable for model
calibration and validation (Foken et al., 2006; Michel et al., 2016; Zhang et al., 2019a). The
regional distribution of tower sites used in this study is presented in Figure 2.1, along with a
detailed site summary in Table S2. Only 31 tower sites had data available after March 31st,
2015 (beginning of SMAP operational record) that met the above QA/QC procedure. These
31 towers were used for ET validation so that all new models could be compared against
a consistent tower record. To compare model estimates to tower observations, mean model
ET estimates from a 1km diameter circle centered at each tower location were compared to
the corresponding tower ET observations.
2.4.4 FLUXCOM
The AmeriFlux observations used for the model ET validation depict dominant biomes
within the CONUS domain but are spatially and temporally sparse. To augment the model
evaluation, we used the spatially continuous FLUXCOM RS+METEO record (Jung et al.,
2019; Tramontana et al., 2016) as an additional validation source. FLUXCOM provides
gridded monthly latent heat flux estimates at 0.5◦ ( 55km) resolution for our entire study
period (Jung et al., 2019; Tramontana et al., 2016). The FLUXCOM data are produced
through machine learning upscaling of in situ tower observations from the global FLUXNET
synthesis record using MODIS remote sensing and modeled surface meteorological data.
FLUXCOM provides latent heat flux estimates suitable for ET model benchmark assessments
based on reported high accuracy relative to flux tower observations and good correspondence
with various RS ET models (Jung et al., 2019; Tramontana et al., 2016). Following Jung
et al (2019), we converted FLUXCOM latent heat flux estimates to ET using a constant
latent heat of vaporization (2.45 MJ mm-1 ). We upscaled our 500m daily ET model results
19

Table 2.5. Results of model performance using holdout ET validation data from 31 flux
towers for the 2015-2017 record. Bias is the mean daily difference between model and
tower ET observations (model – observation; mm day-1 ). R2 is the coefficient of determination describing correspondence between the selected model and associated flux tower measurements. RMSE is the root mean squared error difference between model estimates and
tower observations (mm day-1 ). Bold values denote the best performing model for each
metric and PFT. The ‘Average’ row is the value of each metric calculated across all flux
tower observations from 2015 – 2017.
ETL4R
PFT

Bias

R

BRO

-0.668

CER
CSH
DBF

2

ETNRR

ETNSR
Bias

R2

-0.183 0.546

1.127

-1.103

0.714 1.567

-0.328

0.615

0.965

-0.401

0.472

1.17

1.201

-0.833

0.936 1.23

-1.14

0.787

1.644

0.823

-0.233

0.681

0.809

0.824

0.679

1.251

0.627

0.185

0.435

0.652

-0.045 0.296

0.863

0.604

0.833

-0.635

0.783 0.893

-0.643

0.59

1.069

0.626

0.365

-0.203

0.291

0.54

-0.369

0.22

0.635

0.545

0.522

-0.104 0.201

0.668

-0.11

0.212

0.759

0.64

0.818

-0.283

0.849

-0.29

0.445

1.108

Bias

R

RMSE

Bias

0.703

1.117

-0.804

-0.047 0.72

0.771

-0.136

0.624

1.297

0.644

0.887

-0.654 0.716

1.134

-0.766

-0.09

0.632

0.836

0.733

-0.086 0.646

ENF

0.058

0.583

0.592
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to the coarser FLUXCOM resolution by taking the spatial mean of aggregated monthly ET
estimates within each FLUXCOM grid cell. Because FLUXCOM uses flux tower observations
as a model input, it is not completely independent from the models evaluated here. However,
it still provides a meaningful benchmark spanning the entire CONUS domain and implicitly
accounts for PFTs missing from the model tower validation.
2.5 RESULTS
2.5.1 Soil Moisture Influence on Model ET Estimates
Across all CONUS flux towers, the addition of a soil moisture control improved the
accuracy of the model ET estimates. Both ETNRR and ETL4R showed the best performance
against the tower ET observations, with respective mean RMSE differences of 0.818 and
0.758 mm d-1 , and accompanying R2 agreement of 64.0% and 68.3% (Figure 2.2, Table 2.5).
In contrast, the model ET results derived without a direct soil moisture control had generally
lower performance and accuracy, including ETNSR (RMSE=0.849 mm day-1 ; R2 =64.5%) and
ETMOD16G (RMSE=1.108 mm day-1 ; R2 =44.5%). The relative RMSE improvements between
ETL4R and ETNSR were smaller than the improvements between ETL4R and ETMOD16G (11%
vs 31%), indicating that recalibration and high resolution (4km) meteorology are key reasons
for improved accuracy and that a soil moisture control further improves model estimates.
Similar results are seen across the eight PFT classes represented from the tower valida20

Figure 2.2. Model ET results vs flux tower ET observations for the 2015 – 2017 record.
The solid line represents 1:1 correspondence and the dashed line is the best-fit linear regression line for each ET model.
tion sites (Table 2.5). For all PFTs other than DBF, ETNRR and ETL4R showed the lowest
RMSE values. ANOVA tests comparing all models across all PFTs show that differences
between the soil moisture-constrained models and ETNSR are statistically significant. Additionally, the ANOVA tests show that with the exception of DBF, CER and WSA PFTs,
differences between ETNRR and ETL4R are also statistically significant (Figure 2.3). These
results indicate that in all cases displayed in Table 2.5 where ETNRR or ETL4R are the best
performing model, the improvements over ETNSR are statistically significant. However, in the
BRO, DBF, and WSA PFTs, it cannot be determined whether ETNRR or ETL4R are the best
performing model because the pairwise ANOVA comparison did not meet the significance
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threshold.

Figure 2.3. ANOVA results across PFTs for model simulations at all AmeriFlux evaluation sites. Tile colors depict the p-values of test results and tile borders show whether
pairwise model comparisons had p-values less than (blue) or greater than (red) the acceptance criteria of 0.05. The (degrees of freedom) for each PFT are as follows: BRO (2544),
CER (5135), CSH (1319), DBF (5116), ENF (4019), GRA (6449), OSH (3653), WSA
(2780).
Across the eight PFTs, ETNRR and ETL4R also showed consistently lower bias and higher
R correspondence than ETNSR or ETMOD16G (Table 2.5). Time series ET plots at eight
flux tower locations representing seven diverse CONUS PFT classes show that all models
track seasonal and annual ET variability across a broad climate and land cover gradient
(Figure 2.4). In general, ETNRR , ETL4R , and ETNSR better capture the tower observed
seasonal variation in ET than the ETMOD16G baseline. These results are also consistent with
the majority of PFT classes examined (Table 2.5). For all PFTs except for DBF, ETMOD16G
underestimates the tower ET observations. However, this relationship varies among different
2
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tower sites from the same PFT class. For example, ETMOD16G generally underestimates ET
across all ENF and WSA tower sites, but overestimates ET at the US-Wrc (ENF) and
US-Ton (WSA) sites (Figure 2.4). A similar pattern emerges across the CONUS domain,
where ETMOD16G predicts higher ET than the soil moisture constrained models for BRO,
CRO, DBF, DNF, ENF, MF, SAV and WSA, but lower ET for other PFTs (Figure 2.5A).
Across the CONUS, median ETNRR , ETL4R , and ETNSR values fall closer to median flux
tower observations, suggesting better ET performance in the updated models relative to the
MOD16 baseline (Figure 2.5).
The ETL4R results show generally higher and lower ET rates respectively east and west
of the 100th meridian (Figure 2.6). This same general pattern is seen in all four models
(not shown), although ETMOD16G systematically underestimates ET in the western CONUS
compared to the updated models. Because the western CONUS is dominated by GRA and
OSH (Figure 2.1), these results paired with the tower validation assessment (Table 2.5 and
Figure 2.4) indicate that ETMOD16G tends to underestimate ET for both of these PFTs and
over the western CONUS. Differences between the ETNSR and ETL4R estimates are also
more pronounced in the western CONUS (Figure 2.7A), particularly for CSH, GRA, and
OSH areas (Figure 2.1). In this region, ETNSR predicts generally less ET than ETL4R or the
tower observations (Table 2.5, Figure 2.7A).
2.5.2 Regional Influence of Soil Moisture on Model ET Estimates
Regional differences between ETNRR and ETL4R reveal the relative impact of the SMAP
L-band brightness temperature observations on the L4_SM soil moisture inputs and resulting model ET simulations. The relative value of SMAP observations is greater in the CONUS
western dryland regions (Figure 2.7B), coinciding with GRA and other PFT classes characterized by low to moderate vegetation cover, where the SMAP soil moisture performance
is higher (Reichle et al., 2017). However, the impact of the SMAP observations on ET,
indicated by the ETNRR and ETL4R difference, is smaller than the utility gained from adding
a soil moisture control to the model as indicated from the larger and more extensive ETL4R
and ETNSR differences (Figure 2.7).
When compared to the FLUXCOM estimates, ETMOD16G , ETNRR , and ETNSR all underestimate ET across the CONUS domain, with respective mean annual biases of -145, -168,
and -189 mm yr -1 . Model performance relative to FLUXCOM varies greatly to the west and
east of the 100th meridian (Figure 2.8). In the west, ETMOD16G shows an RMSE difference
of 211 mm yr-1 relative to FLUXCOM, while ETNRR and ETNSR show smaller respective
RMSE differences of 130 and 152 mm yr-1 . In the east, ETMOD16G is the best performing
model in relation to FLUXCOM, with an RMSE difference of 228 mm yr-1 , while ETNSR
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Figure 2.4. Time series progression of model (colored lines) and tower (circles) observed
ET from 2015 – 2017 for eight tower sites representing major CONUS PFT classes. The
aridity index (AI; precipitation / potential ET; UNESCO, 1979) at the sites ranges from
arid (0.11; US-Whs) to humid (1.68; US-Wrc). Sites are arranged from most arid to least
arid.
and ETNRR show larger respective RMSE differences of 244 and 258 mm yr-1 . Across the
CONUS, ETNRR R2 correspondence relative to FLUXCOM is slightly higher than ETNSR
and notably higher than ETMOD16G , particularly in the west (East: ETNRR =0.22, ETNSR
=0.19, ETMOD16G =0.20; West: ETNRR =0.40, ETNSR =0.40, ETMOD16G =0.29).
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Figure 2.5. A) Box plot distributions of modeled ET across all CONUS PFT regions for
the 2015 - 2017 period. Data were plotted by randomly sampling 5000 pixels from each
PFT region and aggregating the results for each model. B) Box plot distributions of modeled ET across the entire CONUS domain for the 2015 – 2017 period. In both plots, associated flux tower observations (ETFLUX ) for the same period of record are plotted in red,
while the number of towers in each population are shown in parentheses.
The model ET performance over the CONUS climate aridity (AI) gradient indicates
that ETNRR outperforms both ETNSR and ETMOD16G in more arid regions relative to FLUXCOM (Figure 2.9). In the most arid regions, ETNRR has both lower RMSE and lower R2
correspondence than the other models (Figure 2.9B, C). This relationship shifts after the
transition from arid to semi-arid (AI 0.4) climates, where ETMOD16G has a lower RMSE
and lower R2 relative to FLUXCOM, suggesting that the added soil moisture control has
the greatest value for improving the model ET performance in arid and semi-arid regions
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Figure 2.6. Spatial pattern of ETL4R across the CONUS domain for the 2015 – 2017 period, superimposed on a lat/lon grid. White areas represent open water, barren land or
other areas external to the modeling domain that were excluded from the ET simulations.
(AI ≤ 0.4) that represent approximately 43% of the CONUS domain. Much of this area
falls within the western portion of the domain. The results of the flux tower and FLUXCOM comparisons indicate that the added soil moisture control, represented by ETNRR and
ETL4R , produces more realistic model ET estimates in the arid western CONUS region than
alternative model simulations derived using VPD as the sole moisture control on ET.
Both ETL4R and ETNSR show similar patterns in ET partitioning (soil evaporation,
transpiration, wet canopy evaporation) across the domain (Figure 2.10). While the models
show lower (higher) transpiration contributions in the western (eastern) CONUS, ETL4R
has notably higher soil evaporation in the west. Across the entire domain, transpiration
contributes 44% of ET for ETL4R , and 50% of ET for ETNSR . The difference between the
two models is largely driven by partitioning differences east and west of the 100th meridian.
In the east, transpiration comprises 50% (52%) of ETL4R (ETNSR ), but only 34% (46%) in
the west. These results highlight the effect of the added soil moisture control on model
ET partitioning. In the more arid regions (i.e. western CONUS), the added soil moisture
control leads to greater reduction in transpiration due to the addition of m(SM ) in Eq. (18).
This effect is illustrated by the difference in ETL4R results derived with and without the
environmental constraint scalars (Figure 2.11). At the more arid US-Me2 and US-Ton sites,
the added soil moisture control reduces transpiration from optimal levels and consequently
increases soil evaporation as a percent of ET (Figure 2.11). This is not the case at the less
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Figure 2.7. Percent change in mean annual ET from ETL4R compared to ETNSR (A) and
ETNRR (B) for the 2015 – 2017 period; the difference maps are superimposed on a lat/lon
grid and show the respective impacts of the added soil moisture control and SMAP observations on the model ET estimates. Blue (red) shades depict areas where ETL4R predicts
higher (lower) ET than the other models. Dark gray areas represent open water, barren
land, and other areas excluded from the simulations and white reflect no change between
model estimates.
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Figure 2.8. Spatial patterns of R2 correspondence (A-C), and RMSE (mm year-1 ) differences (D-F) in annual ET between the different model outputs and FLUXCOM for the
2003 – 2013 period. The vertical black line marks the 100th meridian. Maps are depicted
on a lat/lon grid.
arid US-UMB site, where ET is not water limited.
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Figure 2.9. Modeled ET performance against FLUXCOM ET estimates across the
CONUS domain for the 2003 - 2013 period of record relative to climate aridity (AI; Xaxis). The Y1 axis and grey bars show the distribution of CONUS land area falling within
each AI category. The Y2 axis denotes estimated mean annual ET (A), RMSE (mm/year;
B) and R2 (C) calculated against FLUXCOM. AI values denote hyperarid (AI < 0.03),
arid (0.03 ≤ AI < 0.2), semi-arid (0.2 ≤ AI < 0.5), dry sub-humid (0.5 ≤ AI < 0.65), and
humid (AI > 0.65) conditions. Plotted lines are LOESS smoothed using an α parameter of
0.75, with shaded regions representing the standard error of the smoothing function.
2.6 DISCUSSION
2.6.1 Soil Moisture Influence on Model ET Estimates
Model calibration and the higher-resolution Gridmet meteorology inputs led to the
largest increase in ET accuracy, indicated by larger improvements in ETNSR accuracy over
the ETMOD16G baseline compared to improvements in ETNRR and ETL4R over ETNSR (Ta29

Figure 2.10. ET component influence of plant transpiration (T, blue), soil evaporation
(E, green), and canopy intercepted evaporation (I, red) for ETL4R (top) and ETNSR (bottom) from 2015-2017. Bright green, blue and red represent areas where ET is dominated
by E, T, and I, respectively. Maps are depicted on a lat/lon grid.
ble 2.5, Figure 2.2). Zhang et al. (2019a) also reported that much of the error in MOD16
could be reduced by a more robust model calibration. They found that across all PFTs,
the recalibrated MOD16 RMSE decreased by 28.5%. Similarly, we found a 23.3% RMSE
reduction in ETNSR compared to the ETMOD16G baseline by recalibrating the model for the
CONUS domain and using Gridmet meteorology. The ETL4R and ETNRR results showed
even greater respective RMSE reductions of 31.6% and 26.2% over the ETMOD16G baseline,
indicating that the addition of surface and root zone soil moisture controls led to further
improvements in model ET accuracy.
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Figure 2.11. Seasonal variations of estimated environmental restrictions on the model
(ETL4R ) transpiration calculations for three flux tower sites representing major CONUS
PFT classes. The relative influence from daily Tmin, VPD, and root zone soil moisture
(SM) by the respective environmental constraint (EC) scalars in Eqs. (9, 10, 18). The Y1
axis values represent EC and range between 0 (no constraint) and 1 (full constraint). The
stacked colors represent the relative influence from each environmental factor on the model
transpiration. The dotted line shows the maximum potential ET under minimal environmental constraints, while the solid line represents the estimated actual ET (Y2 axis). Plots
were created by running the model with (solid line) and without (dotted line) all three EC
scalars. The selected DBF, ENF and WSA sites are located in humid (AI=0.73) and semiarid (AI=0.4, AI=0.31) climate zones.
The RMSE reductions in ETNRR and ETL4R over ETNSR reflects the addition of explicit
soil moisture related controls on model ET. The SMclose and SMopen parameters in the revised
BPLUT represent the unique role of soil moisture, in addition to VPD, in regulating stomatal
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conductance (Novick et al., 2016; Novák et al., 2005; Purdy et al., 2018). The calibrated
SMclose and SMopen values fall within the ranges seen in various RS-based productivity
models and field studies, suggesting that the parameterization process converged on realistic
values for these parameters (Table 2.2; Wu et al., 2011; He et al., 2016; Jones et al., 2017;
Novák et al., 2005). Although some of the SMopen parameter values have high standard
deviations (i.e. uncertainty), ANOVA test results show that ETNRR and ETNSR estimates
are statistically different, suggesting that the model is sensitive to this parameterization
and that it drives improvements in ET. Additionally, other MOD16 sensitivity studies have
found CL to be among the most sensitive BPLUT parameters (Zhang et al., 2019a; He et al.,
2019b). Here, calibrated CL values are higher than in the original MOD16 BPLUT, which
reflects the added m(SM) control on stomatal conductance described in subsubsection 2.3.1.2
(Mu et al., 2011).
The higher ET rates modeled by ETNRR and ETL4R were more consistent with the
tower observations and previous studies, indicating that MOD16 generally underestimates
ET in arid and sparsely vegetated areas (Khan et al., 2018; Michel et al., 2016; Moreira et al.,
2019; Ruhoff et al., 2013; Zhang et al., 2020). This bias is most notable in western CONUS
grasslands, where ETNRR and ETL4R predict 100-300 mm yr-1 more ET than the ETMOD16G
baseline (Table 2.5, Figure 2.5). Similarly, Khan et al. (2018) found that MOD16 had an
average bias of -104 mm yr-1 across grassland sites in eastern Asia. Across the CONUS
domain and 2003 – 2017 study period, ETMOD16G displayed a -148 mm yr-1 bias against all
GRA tower observations, whereas ETNRR had a positive and much smaller bias of 0.529 mm
yr-1 . The recalibrated ETNSR and ETMOD16G results both showed markedly lower ET rates in
the western CONUS than ETNRR , ETL4R , and the ET benchmarks (both tower observations
and FLUXCOM). These results suggest that the baseline MOD16 algorithm is not properly
structured to capture the magnitude of ET in arid regions (Figure 2.7, Figure 2.9, Figure 2.8).
2.6.2 Regional Influence of Soil Moisture on Model ET Estimates
Differences in model ET estimates in arid regions follow differences in model partitioning between transpiration and soil evaporation (Figure 2.10). In arid regions, canopy
gas exchange, including both CO2 and water vapor, is strongly limited by plant-available
soil moisture (Smith et al., 2019), which restricts both vegetation growth and ET. In the
updated model, transpiration is partially controlled by root zone soil moisture. Because the
western CONUS is more arid than the east, the relatively low soil moisture conditions in
the west impose further restrictions on ETL4R (ETNRR ) transpiration relative to ETNSR and
ETMOD16G (Figure 2.10). As a result, the soil moisture-constrained models have a smaller
component influence from transpiration than the models that are solely constrained by VPD
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and temperature. The estimated ratio of transpiration to ET from this study is also within
the range of variability reported from previous studies (Stoy et al., 2019) and follows similar
spatial patterns of lower (higher) component transpiration influence in the western (eastern)
CONUS (Zhang et al., 2019b). At the global scale, the baseline MOD16 method shows the
transpiration to ET proportion to be approximately 24%, which is at the lower end of the
fraction reported from other RS ET models (Miralles et al., 2016). While only provided
for the CONUS domain, the transpiration to ET fractions from ETL4R (ETNRR ) are more
consistent with other reported model estimates (Miralles et al., 2016; Stoy et al., 2019).
The higher accuracy of the soil moisture-constrained models in arid regions may partially reflect greater SMAP soil moisture accuracy in areas with lower vegetation density.
The L-band derived SMAP products are most sensitive to soil moisture where the overlying
vegetation water content is less than 5kg m-2 (Entekhabi et al., 2010). The western CONUS
is dominated by GRA, OSH and CSH, which tend to have less vegetation cover and associated greater L-band soil moisture sensitivity. In contrast, the eastern CONUS represents
a more humid climate with greater vegetation density (e.g. forests), where the SMAP observations are expected to have less soil moisture sensitivity. The variable SMAP sensitivity
pattern helps to explain why the largest SMAP impact on ET, indicated by the difference
between ETNRR and ETL4R , occurs in the western CONUS (Figure 2.7B). Here, the darker
shades indicate where the model L4_SM soil moisture inputs propagate to larger differences
in estimated annual ET relative to having no model soil moisture control (ETNSR ), or with
a soil moisture control not directly informed by SMAP observations (ETNRR ).
Similar to the findings presented here, Purdy et al. (2018) found that the addition of
SMAP Level 3 surface soil moisture (L3_SM) retrievals into the PT-JPL ET model were
important in arid regions, but less relevant in humid climate regions. Here, there is little
to no soil moisture influence on plant transpiration at humid sites, whereas transpiration
at arid sites is heavily constrained by soil moisture (Figure 2.11). In our study, the model
improvements in arid regions are caused by increased ET relative to the baseline MOD16
product, which largely reflects an increase in soil evaporation. Partitioning of the underlying
controls on estimated canopy stomatal conductance between temperature, VPD, and root
zone soil moisture may reduce the model sensitivity to dynamic day-to-day fluctuations in
VPD and temperature (Figure 2.11); whereby, plant access to a more stable soil moisture
resource helps to maintain ET during periodic drought. Likewise, adding a surface soil
moisture control to the model benefits from greater soil moisture memory in sustaining
surface evaporation during drying cycles relative to the MOD16 baseline algorithm, which
relies solely on an atmospheric moisture deficit derived control. Despite model improvements
in arid regions, there is an abrupt increase in RMSE and an abrupt drop in R2 for ETNRR
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in the most arid parts of the CONUS relative to FLUXCOM (Figure 2.9B, C). In these arid
regions, the coarse (9km) resolution and small apparent wet bias in the L4_SM soil moisture
record may contribute to the ETNRR error.
An opposing negative bias between ETNRR and ETNSR is predominantly found in humid
climate regions of the eastern CONUS that tend to be more energy than water limited (Nemani et al., 2003). In these areas, there is generally sufficient soil water supply throughout
the year for optimal transpiration, so that VPD and temperature are the dominant controls
(Purdy et al., 2018; US-UMB in Figure 2.11). As a result, the addition of a root zone soil
moisture control has minimal effect, as seen by the similar ETNRR and ETNSR performance
(Figure 2.9A). In humid climates, ETMOD16G has a slightly lower RMSE relative to FLUXCOM than both ETNRR and ETNSR (Figure 2.9B). This is partially due to differences in
FPAR/LAI gap filling methods between ETMOD16G and ETNRR (ETNSR ). In these regions,
ET occurs at almost optimal rates, with less influence from environmental constraints (temperature, VPD, soil moisture) and more influence from the FPAR/LAI inputs on model
performance. These regions also tend to have greater FPAR/LAI dropout and associated
ET uncertainty due to clouds (Zhang et al. 2019a). FLUXCOM also tends to show slightly
higher ET than other reported estimates in humid climate areas (Jung et al., 2019; Ma et al.,
2020). This relative bias may contribute to the observed FLUXCOM and ETNRR (ETNSR )
differences. Additionally, the differences may reflect better ETNRR representation of soil
moisture as a control on ET. For example, ETNRR estimates in southern Florida are lower
relative to the other models (Figure 2.6, Figure 2.7, Figure 2.3), which reflects the coarse
sandy soil texture and associated stronger model soil moisture control on ET in this region.
Spatially, the soil moisture-constrained models performed better in drier climate regions
(AI<0.4) where ecosystems are more water limited. However, the importance of the soil
moisture control also changes with time (Novick et al., 2016). For example, the ETNRR
and ETL4R performance was most favorable between June and October at the arid US-Whs
and US-Wkg towers (Figure 2.4); whereas, both models overestimated ET during other
months relative to the tower observations. The seasonally varying bias suggests the need
for further model improvements in representing vegetation phenology, plant sensitivity to
environmental stressors, and the seasonally varying importance of soil moisture and other
controls. Improving understanding of the factors affecting ET seasonality should be a priority
of future studies. As the effects of climate change progress, the traditional understanding
of ET as being driven by VPD and soil moisture is expected to shift (Novick et al., 2016).
For example, early spring greening driven by a warming climate may enhance ET, leading
to summer soil moisture deficits (Lian et al., 2020). Failure to account for the influence of
soil moisture on ET in such cases where soil water becomes insufficient to meet atmospheric
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demand could lead to notable model errors. Additionally, the projected increase in drought
will likely further complicate these relationships (Mo and Lettenmaier, 2015; Otkin et al.,
2018). Better understanding and representation of the abiotic and biotic impacts on ET is
essential to improve RS ET models and properly quantify terrestrial water fluxes in the face
of climate change.
2.6.3 Model Uncertainties
Despite the improved model ET performance indicated from this study, the results still
show significant remaining uncertainty. This uncertainty comes from three main sources,
including: 1) the use of discrete model BPLUT parameterizations; 2) uncertainty in model
inputs; and 3) the inability of the model to capture all physical processes affecting ET.
1. Discrete parameterizations. The underlying assumption of the MOD16 BPLUT based
parameterizations is that the vegetation response to the various environmental factors affecting ET is largely consistent within individual biomes represented by a 12
PFT class global land cover map. However, variations in soil conditions, vegetation
structure and age class, and other factors can lead to significant ET heterogeneity
within a given biome. This variable response can be seen in the standard deviations of
the model parameters (Table 2.2, Table 2.3). All parameters show variability around
the mean, reflecting inherent uncertainty in parameter values that can contribute to
model ET error. Additionally, as plants near stress, complex and non-linear interactions of soil moisture and VPD can drive stomatal conductance (Novick et al., 2016),
further contributing to uncertainty when using the simple linear efficiency functions
and open/close parameters outlined in Eq. 8. This is evident in Table 2.2, where
variability in the SMopen and SMclose parameters are large for CSH, OSH and WSA,
reflecting the uncertainty in the parameter values within the relatively coarse PFT
classes. The potential use of more spatially variable parameterizations incorporating
data-driven machine learning or hybrid modeling approaches may lead to further model
improvements over BPLUT based methods (Reichstein et al., 2019; Jung et al., 2019;
Tramontana et al., 2016; Madani et al., 2017) and should be pursued as a priority
research topic.
2. Model input uncertainty. All inputs to the MOD16 algorithm have uncertainty, which
can contribute to model ET error. For example, the SMAP L4_SM product has a
targeted mean accuracy of 0.04 m3 m-3 for surface and root zone soil moisture (Reichle
et al., 2019). Additional uncertainty is contributed from the MODIS LAI/FPAR and
land cover products used as model inputs due to algorithm assumptions, atmospheric
contamination, sensor footprint and calibration uncertainty, and other factors (Miura
35

et al., 2000; Xu et al., 2018). Additionally, the models presented here rely on modeled
Gridmet meteorology. While Gridmet provides approximately 10-fold improved spatial resolution over that of the global GEOS FP-IT meteorology used in the baseline
MOD16 product, the 4km Gridmet resolution and coarser (9km) gridding of the SMAP
soil moisture inputs may still not adequately resolve microclimate spatial heterogeneity
(Walton and Hall, 2018; Behnke et al., 2016; Zhao et al., 2005), which may contribute
to model ET uncertainty.
The effects of the coarse scale of SMAP inputs are particularly evident in arid regions
of the CONUS domain where the coarse pixel size can lead to an apparent wet bias
(e.g. subsection 2.6.2, Reichle et al., 2017, Figure 2.12). This wet bias is particularly
noticable in the state of Arizona within the CONUS domain as seen in Figure 2.12.
Figure 2.12 displays both root zone soil moisture and elevation across Arizona. Regions
of Arizona with river drainages such as the Grand Canyon in the north or the San Pedro
River in the southeast have SMAP root zone soil moisture values much higher than
surrounding regions. As a result, SMAP observes this moisture signal and the resulting
L4_SM values surrounding the drainages are high relative to the desert surroundings.
However, the coarse 9km pixel size of the L4_SM product is much larger than the
actual river widths, meaning the high soil moisture values are propagated to regions
that extend beyond the banks of the drainage. As a result, SMAP soil moisture in these
areas can vary significantly within the 9km SMAP scale. Although the REW conversion
in Eq. 17 compresses relative variability by effectively normalizing soil moisture across
a pixel, formal downscaling is necessary to capture the heterogeneity at the 500m
scale with more fidelity. Future studies should explore implementing downscaled soil
moisture into ET modeling frameworks to further improve ET estimates (Chaney et al.,
2016; Colliander et al., 2017; Fang et al., 2020).
3. Missing processes. Because ET is a complex process, simplifying assumptions must
be made to facilitate regional to global scale model predictions. For example, wind
speed, soil type, and precipitation can significantly influence ET, but are missing from
our model (Purdy et al., 2018; McVicar et al., 2012; He et al., 2019b). Additionally,
some calculations such as the aerodynamic resistance to vapor transport are relatively
simple in the MOD16 framework. This is problematic, as recent research has shown
aerodynamic resistance to be one of the most important variables in regulating ET
(Chen et al., 2020). In the future, implementing a more physically realistic calculation
of aerodynaic resistance to vapor transport, particularly for transpiration, should be
a priority. Rooting depth is also a key variable in estimating ET, as it determines
where in the soil profile a plant has access to water (Guswa, 2010). This may be a
cause of uncertainty in our modeling framework, as we assume that root zone (0 – 1m)
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Figure 2.12. An example of the SMAP wet bias seen in arid regions of the CONUS domain. Mean annual root zone soil moisture (A) and elevation (B) are plotted for the state
of Arizona to show high values of soil moisture in river drainages that extend much further
than the river width.
soil moisture drives transpiration even though rooting depths can exceed 3m (Yang
et al., 2016). Finally, model parameters representing physical processes such as the
aerodynamic resistance to soil evaporation (rblmin and rblmax ) are difficult to measure
in situ, contributing to greater uncertainty in parameter boundaries (Mu et al., 2011).
2.7 CONCLUSION
This study improves estimates of ET in the CONUS domain by recalibrating the model,
introducing high-resolution Gridmet meteorology, and adding a SMAP informed soil moisture
control to the MOD16 algorithm. We adapted the MOD16 framework to include a root
zone soil moisture control on plant transpiration and a surface soil moisture control on soil
evaporation. The model was calibrated at 69 AmeriFlux tower sites representing 10 diverse
PFTs across the entire CONUS domain. The model was validated using a holdout set of
flux tower data and the FLUXCOM product to assess our objectives. We found that (i) the
added soil moisture controls, Gridmet meteorology and regional calibration improved model
performance over the MOD16 global baseline relative to ET observations from regional flux
towers; (ii) these results are more pronounced in dry land areas of the western CONUS and
when ecosystems are water limited. The soil moisture constrained model shows the greatest
improvements in arid and semi-arid regions (AI ≤ 0.4), which represent approximately 40%
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of the global land area (Smith et al., 2019). The resulting model provides new capacity for
monitoring the effects of drought and climate change on the water cycle, while providing a
new framework for investigating both soil and atmosphere controls on ET.
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Chapter 3

CONCLUSIONS

3.1 IMPLICATIONS
In chapter 2 of this thesis, methods were developed and tested to answer the following
research questions asked in section 1.2:
How does the addition of a soil moisture control affect model estimates of ET within the
CONUS study area?
Relative to nearly all in situ flux tower observations, the addition of a soil moisture
constraint in the MOD16 algorithm improves estimates of ET. The improvements are primarily attributed to improved distinction of atmosphere and soil moisture controls on ET.
In the original MOD16 algorithm, there is no direct soil moisture control on ET, and it is
assumed that VPD and temperature are sufficient for representing stresses on water loss.
Adding a soil moisture control on model ET calculations partitions this stress between all
three variables and yields a more physically realistic representation of ET. A second reason
for improved ET estimates is a more physically realistic partitioning of ET between plant
transpiration, soil evaporation, and evaporation from the wet plant canopy. In the original
MOD16, soil evaporation was the largest component of ET. However, several studies have
shown that for the majority of the globe, transpiration should dominate the ET signal (Stoy
et al., 2019). In the updated ET model presented here, transpiration represents approximately 50% of ET, which is consistent with a variety of other ET models (Stoy et al., 2019;
Miralles et al., 2016).
In what ecosystems, climates, and land cover types does soil moisture information have the
greatest effect on model ET performance?
The addition of a soil moisture control on model ET estimates is most influential in
arid to semi-arid regions of the CONUS with sparse vegetation cover. These ecosystems
tend to be water-limited, meaning ET will only occur if there is sufficient soil moisture to
meet the atmospheric demand (Nemani et al., 2003). ET estimates are improved in these
regions because the addition of a soil moisture control properly partitions ET stress between
soil moisture availability and atmospheric demand. In the original version of MOD16, the
lack of a soil moisture control meant transpiration and evaporation were regulated solely
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by the VPD. Because these areas tend to have little precipitation and high net incoming
radiation due to low cloud cover, they have a relatively high VPD. As a result, this high
VPD in arid regions of the western CONUS would limit soil evaporation and drive stomatal
closure, leading to underestimated ET in the original MOD16 algorithm. The addition of a
soil moisture control in these regions ensures that even if the VPD is high, ET will occur if
there is a sufficient amount of water in the soil.
The results presented in this thesis affirm that soil moisture is a key variable in controlling ET, particularly in arid environments. However, several opportunities exist to further
improve and expand on the results presented here. One such opportunity is to develop an
implementation of this model using a high-resolution, downscaled soil moisture input (e.g.
Chaney et al., 2016; Colliander et al., 2017). A key limitation of the results presented in this
thesis is that the coarse SMAP input may not be representative of soil moisture at the 500m
scale of the results presented here. Developing such a model would provide an enhanced
regional representation of ET and could be used to better quantify water and energy cycles
at the watershed or state level. For enhanced representation of ET at the global scale, this
model framework could also be expanded to encompass all land on Earth’s surface by employing a global meteorology product. Global estimates of ET could be used to assess trends
in the terrestrial water cycle and monitor how they are affected by a changing climate and
drought.
3.2 FUTURE WORK: FORECASTING DROUGHT IN THE CONUS
A promising application of this new ET model is in drought forecasting, as ET and
drought are closely linked to one another. In the early stages of a drought, high VPD leads
to increasing rates of ET (Otkin et al., 2018). As the drought progresses, if a high VPD is
sustained and no precipitation falls to recharge water lost from ET, ET will decrease due
to depleted root zone soil moisture (Otkin et al., 2018; Pendergrass et al., 2020). Once this
stage is reached, vegetation health begins to deteriorate and formal drought may begin if
the conditions persist (Otkin et al., 2018).
Despite this well-defined relationship, drought is difficult to define, as different stakeholders have varying degrees of tolerance and resilience to its impacts (Slette et al., 2019).
For example, a meta-analysis by Wilhite and Glantz (1985) found that there are four categories of drought commonly referenced in literature: meteorological, agricultural, hydrologic,
and socio-economic. Each of these droughts are caused by a different combination of meteorological and economic factors, making it difficult to create a definition that encompasses
them all. Further complicating this definition is the recent emergence of flash drought in
literature (e.g. Otkin et al., 2018; Mo and Lettenmaier, 2015; Pendergrass et al., 2020; Chen
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et al., 2019). Flash droughts are characterized by their rapid onset, which tends to be driven
by anomalously high temperatures, high ET, low precipitation, and low soil moisture (Otkin
et al., 2018).
Several methods exist to monitor the status of a drought as it progresses. For example,
the evaporative demand drought index (EDDI) uses a statistical model of potential ET to
provide an estimated drought status at weekly time scales and fine spatial resolutions (Hobbins et al., 2016). In the CONUS, one of the most popular means of monitoring drought is
the United States Drought Monitor (USDM). The USDM uses a combination of meteorological data and expert opinion to produce weekly maps of categorical drought severity for the
CONUS domain, ranging from D0 (abnormally dry) to D4 (exceptional drought) (Svoboda
et al., 2002). While these indices are useful for monitoring the current status of drought, a
downfall is that they do not forecast drought status days to weeks in the future. The ability
to forecast drought would allow stakeholders such as farmers to make decisions about water
allocation or crop management in advance of a drought, rather than having to adapt once
it has arrived. Further, the ability to forecast drought by even a week could significantly
improve flash drought response, as one working definition of flash drought is a two-category
increase in the EDDI or USDM that is sustained for two more weeks (Pendergrass et al.,
2020).
Decreases in soil moisture are generally reflected in degraded vegetation LAI and gross
primary production (GPP), which can manifest weeks to months after the drying occurs (Liu
et al., 2011, 2016). In other words, signs of drought may not become apparent until long
after drought conditions begin. For example, Liu et al. (2011) found that when soil moisture
reaches below normal conditions, it takes between 10 and 20 days for this decline to reflect in
the GPP. Similarly, Liu et al. (2016) found that correlations between soil moisture and LAI
are correlated up to two months after soil moisture anomalies begin. This lagged vegetation
response to drought conditions is also outlined by Otkin et al. (2018), which shows that
when paired with above average VPD and below average precipitation, the following three
conditions precede the onset of a drought:
1. Decreasing soil moisture content due to enhanced ET
2. Decreasing ET due to low root zone soil moisture
3. Deteriorating vegetation and ecological health
Because anomalies in ET, soil moisture, VPD, and precipitation all precede drought
conditions, I propose a new modeling framework that incorporates these metrics and uses
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them to forecast drought. Previous studies have shown that it is possible to (i) predict a
continuous distribution of the current USDM status using anomalies in ET, precipitation,
and soil moisture within a probabilistic modeling framework (Lorenz et al., 2017b); and (ii)
use the same anomalies and predicted USDM status to forecast regions of the CONUS that
are likely to intensify in drought 2, 4 and 8 weeks into the future (Lorenz et al., 2017a). Here,
rather than predicting regions where drought is likely to intensify or predicting a continuous
version of the USDM, I propose a model that predicts the categorical USDM categories up
to 8 weeks into the future. Predicting actual USDM categories not only provides insight into
possible future drought conditions, but also facilitates flash drought predictions following
the definition of Pendergrass et al. (2020).
Machine learning is becoming more and more common in earth system modeling, and
provides a unique means for mapping complex, non-linear interactions of geospatial variables
to a desired output (Reichstein et al., 2019). Specifically, recurrent neural networks (RNNs)
and convolutional neural networks (CNNs) are becoming popular for extracting temporal
and spatial relationships, respectively, from input data and predicting an output class. For
example, Fang et al. (2017) feed a variety of meteorological variables into an RNN to accurately predict SMAP soil moisture over the CONUS domain. Additionally, Zhang et al.
(2018) use a CNN to fill in gaps in MODIS imagery that is missing due to sensor errors
or cloud cover. Recently, modeling frameworks combining these two approaches have been
developed to account for both temporal and spatial context when making a prediction. A
compelling example from Chao et al. (2018) combines an RNN and a CNN to accurately
forecast precipitation at fine temporal and spatial resolutions.
I propose a modeling framework similar to Chao et al. (2018) that combines a CNN
and an RNN to predict the USDM up to 8 weeks in advance. SMAP soil moisture, Gridmet
meteorology, SMAP L4_C GPP, and the SMAP-constrained MOD16 ET outlined in this
thesis will be used as model inputs to predict the USDM drought classes. Including both
spatial and temporal information to make predictions is key, as Lorenz et al. (2017b) found
that to make an accurate USDM forecast for a given pixel, predictors going back up to
20 months and context from the surrounding pixels were necessary. By feeding this data
into a model that accounts for both spatial and temporal dependencies, I predict that the
model will effectively be able to forecast drought by up to 8 weeks. If successful, this model
will provide a powerful framework for landowners, farmers, and other stakeholders to make
accurate and timely decisions about droughts before they occur.
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SUPPLEMENTS

Table S1. BPLUT values for global PFTs defined by MOD16 in Mu et al. (2011). CL is
the mean stomatal conductance per unit leaf area; Tminopen and Tminclose are the minimum
temperatures at which plants open and close their stomata, respectively; VPDopen and
VPDclose are the VPD values at which plants open and close their stomata, respectively;
gl_e_wv is the leaf conductance of water vapor per unit LAI; glsh is the leaf conductance
of sensible heat per unit LAI; rblmin and rblmax are the minimum and maximum values for
aerodynamic resistance of the soil, respectively. PFTs are abbreviated as follows:CRO =
Cropland, CSH = Closed Shrubland, DBF = Deciduous Broadleaf Forest, DNF = Deciduous Needleleaf Forest, EBF = Evergreen Broadleaf Forest, ENF = Evergreen Needleleaf
forest, GRA = Grassland, MF = Mixed Forest, OSH = Open Shrubland, SAV = Savanna,
WSA = Woody Savanna.
PFT
CRO
CSH
DBF
DNF
EBF
ENF
GRA
MF
OSH
SAV
WSA

Tminopen
12.02
8.61
9.94
10.44
9.09
8.31
12.02
9.5
8.8
11.39
11.39

Tminclose
-8
-8
-6
-8
-8
-8
-8
-7
-8
-8
-8

CL
VPDopen
0.007
650
0.0065
650
0.0028
650
0.0032
650
0.0025
1000
0.0032
650
0.007
650
0.0025
650
0.0065
650
0.0065
650
0.0065
650
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VPDclose
4500
4300
2900
3500
4000
3000
4200
2900
4400
3500
3500

gl_e_wv
0.02
0.04
0.01
0.04
0.01
0.04
0.02
0.04
0.04
0.08
0.08

glsh rblmin
0.92
20
0.04
20
0.01
65
0.04
65
0.01
70
0.04
65
0.02
20
0.04
65
0.04
20
0.08
25
0.08
25

rblmax
50
55
100
95
100
95
50
95
55
45
45
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GRA 36.636

CER 36.606

CER 38.099

US-ARM

US-Bi1

GRA 36.427

US-AR1

US-AR2

PFT Lat

Name

-121.499

-97.489

-99.598

-99.420

Lon

Yes

Yes

No

No

Val

0.17

0.41

0.24

0.25

AI

341.35

865.48

554.68

597.64

PPT

17.51 2016-08-13 to
2017-12-31

16.26 2003-01-02 to
2017-12-31

15.70 2009-04-30 to
2012-08-01

15.97 2009-06-04 to
2012-12-29

TAVG Dates

Dennis Baldocchi (2016-) AmeriFlux US-Bi1 Bouldin Island Alfalfa,
https://doi.org/10.17190/AMF/1480317

Sebastien Biraud (2002-) AmeriFlux US-ARM
ARM Southern Great Plains site- Lamont,
https://doi.org/10.17190/AMF/1246027

Dave Billesbach, James Bradford, Margaret
Torn (2009-2012) AmeriFlux US-AR2 ARM
USDA UNL OSU Woodward Switchgrass 2,
https://doi.org/10.17190/AMF/1246138

Dave Billesbach, James Bradford, Margaret
Torn (2009-) AmeriFlux US-AR1 ARM
USDA UNL OSU Woodward Switchgrass 1,
https://doi.org/10.17190/AMF/1246137

Citation

Table S2. Detailed information of all sites used in this study. The table columns are labelled as follows: ’Name’ - Official
name of flux tower; ’PFT’ - Mode (average) MODIS-defined plant functional type for the tower for the 2003 - 2017 study
period; ’Lat’ - Tower latitude; ’Lon’ - Tower longitude; ’Val’ - Whether or not the tower contained valid ET data between
March 31st, 2017 and December 31st, 2019 and was thus used for model validation; ’AI’ - Tower aridity index, defined as
the ratio of mean annual precipitation to mean annual potential evapotranspiration, calculated using Gridmet meteorology;
’PPT’ - Mean annual precipitation (mm year-1 ) calculated using Gridmet meteorology; ’TAVG ’ - Mean annual temperature
(◦ C) calculated using Gridmet meteorology; ’Dates’ - Range of dates between which tower contains data meeting QA/QC
threshold; ’Citation’ - Tower citation information, including tower PIs and doi reference.
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BRO 41.975

BRO 41.975

US-Br3

BRO 40.006

US-Bo1

US-Br1

ENF 38.895

US-Blo

BRO 40.009

ENF 44.158

US-Blk

US-Bo2

CER 38.109

US-Bi2

-93.694

-93.691

-88.290

-88.290

-120.633

-103.650

-121.535

No

No

No

No

No

No

Yes

0.64

0.64

0.68

0.68

0.81

0.35

0.17

962.31

962.31

1038.14

1038.14

1493.32

551.26

351.85

2004-01-01 to
2008-04-25

10.61 2005-01-01 to
2011-11-09

10.61 2005-04-23 to
2011-11-09

12.72 2005-06-27 to
2007-11-08

12.72 2003-01-01 to
2008-04-08

15.30 2003-01-01 to
2007-10-09

7.09

17.42 2017-04-27 to
2017-12-31

John Prueger, Tim Parkin (2001-) AmeriFlux US-Br3 Brooks Field Site 11- Ames,
https://doi.org/10.17190/AMF/1246039

John Prueger, Tim Parkin (2001-) AmeriFlux US-Br1 Brooks Field Site 10- Ames,
https://doi.org/10.17190/AMF/1246038

Carl Bernacchi (2004-2008) AmeriFlux
US-Bo2 Bondville (companion site),
https://doi.org/10.17190/AMF/1246037

Tilden Meyers (1996-) AmeriFlux US-Bo1 Bondville,
https://doi.org/10.17190/AMF/1246036

Allen Goldstein (1997-2006) AmeriFlux US-Blo Blodgett Forest,
https://doi.org/10.17190/AMF/1246032

Tilden Meyers (2003-2008)
AmeriFlux US-Blk Black Hills,
https://doi.org/10.17190/AMF/1246031

Dennis Baldocchi (2017-) AmeriFlux US-Bi2 Bouldin Island corn,
https://doi.org/10.17190/AMF/1419513
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39.971

MF

US-Dix

ENF 37.031

US-CZ2

ENF 37.067

GRA 43.950

US-Ctn

US-CZ3

DBF 35.931

US-ChR

39.838

CSH

US-Ced

-74.435

-119.195

-119.257

-101.847

-84.332

-74.379

No

Yes

Yes

No

No

No

0.77

0.54

0.47

0.24

0.93

0.74

1250.26

831.35

767.91

427.72

1408.31

1284.01

13.28 2005-04-16 to
2008-04-12

11.87 2011-07-02 to
2016-10-05

14.02 2011-06-01 to
2016-10-03

10.03 2006-11-15 to
2009-09-17

15.88 2005-11-30 to
2010-12-31

13.25 2005-07-03 to
2014-12-31

Ken Clark (2005-2008) AmeriFlux US-Dix Fort Dix,
https://doi.org/10.17190/AMF/1246045

Michael Goulden (2008-) AmeriFlux
US-CZ3 Sierra Critical Zone, Sierra
Transect, Sierran Mixed Conifer, P301,
https://doi.org/10.17190/AMF/1419512

Michael Goulden (2010-) AmeriFlux USCZ2 Sierra Critical Zone, Sierra Transect,
Ponderosa Pine Forest, Soaproot Saddle,
https://doi.org/10.17190/AMF/1419510

Tilden Meyers (2007-2009) AmeriFlux US-Ctn Cottonwood,
https://doi.org/10.17190/AMF/1246117

Tilden Meyers (2005-) AmeriFlux US-ChR Chestnut Ridge,
https://doi.org/10.17190/AMF/1246044

Ken Clark (2005-) AmeriFlux US-Ced Cedar Bridge,
https://doi.org/10.17190/AMF/1246043
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ENF 35.143

GRA 48.308

WSA 29.950

US-Fmf

US-FPe

US-FR2

CSH

ENF 35.089

GRA 35.445

US-FR3

US-Fuf

US-Fwf

29.940

DBF 35.974

US-Dk2

-111.772

-111.762

-97.990

-97.996

-105.102

-111.727

-79.100

No

No

No

No

No

No

No

0.26

0.30

0.38

0.38

0.23

0.29

0.69

523.69

583.44

929.13

929.13

355.03

545.53

1174.44

2003-01-03 to
2008-06-07

2005-08-30 to
2010-12-29

8.82

9.69

2005-06-30 to
2010-12-31

2005-09-16 to
2010-12-15

21.25 2004-07-28 to
2012-12-23

21.25 2005-01-04 to
2007-12-13

7.23

9.06

16.50 2006-07-27 to
2008-04-15

Sabina Dore, Thomas Kolb (2006-2010)
AmeriFlux US-Fwf Flagstaff - Wildfire,
https://doi.org/10.17190/AMF/1246052

Sabina Dore, Thomas Kolb
(2006-2010) AmeriFlux US-Fuf
Flagstaff - Unmanaged Forest,
https://doi.org/10.17190/AMF/1246051

Jim Heilman (2004-) AmeriFlux USFR3 Freeman Ranch- Woodland,
https://doi.org/10.17190/AMF/1246055

Marcy Litvak (2004-) AmeriFlux USFR2 Freeman Ranch- Mesquite Juniper,
https://doi.org/10.17190/AMF/1246054

Tilden Meyers (2000-) AmeriFlux US-FPe Fort Peck,
https://doi.org/10.17190/AMF/1246053

Sabina Dore, Thomas Kolb (2006-2010)
AmeriFlux US-Fmf Flagstaff - Managed Forest, https://doi.org/10.17190/AMF/1246050

Chris Oishi, Kim Novick, Paul
Stoy (2001-2008) AmeriFlux USDk2 Duke Forest-hardwoods,
https://doi.org/10.17190/AMF/1246047
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ENF 44.452

ENF 44.315

DBF 38.744

US-Me2

US-Me3

US-MOz

GRA 38.775

US-KLS

GRA 39.082

GRA 41.841

US-IB2

US-Kon

CER 41.859

US-IB1

-92.200

-121.608

-121.557

-96.560

-97.568

-88.241

-88.223

Yes

No

Yes

No

Yes

Yes

Yes

0.64

0.29

0.40

0.47

0.39

0.66

0.66

1088.06

440.52

546.14

871.02

775.27

1006.17

1006.17

2004-01-02 to
2009-09-26

2005-04-26 to
2017-12-31

14.09 2006-05-18 to
2017-12-31

8.91

9.13

13.76 2006-08-22 to
2012-12-31

14.65 2012-04-29 to
2017-09-27

11.19 2004-10-07 to
2017-12-30

11.19 2005-07-12 to
2017-12-30

Jeffrey Wood, Lianhong Gu (2004-) AmeriFlux US-MOz Missouri Ozark Site,
https://doi.org/10.17190/AMF/1246081

Bev Law (2004-2009) AmeriFlux USMe3 Metolius-second young aged pine,
https://doi.org/10.17190/AMF/1246077

Bev Law (2002-) AmeriFlux US-Me2
Metolius mature ponderosa pine,
https://doi.org/10.17190/AMF/1246076

Nathaniel Brunsell (2006-) AmeriFlux
US-Kon Konza Prairie LTER (KNZ),
https://doi.org/10.17190/AMF/1246068

Nathaniel Brunsell (2012-) AmeriFlux US-KLS Kansas Land Institute,
https://doi.org/10.17190/AMF/1498745

Roser Matamala (2004-) AmeriFlux
US-IB2 Fermi National Accelerator
Laboratory- Batavia (Prairie site),
https://doi.org/10.17190/AMF/1246066

Roser Matamala (2005-) AmeriFlux
US-IB1 Fermi National Accelerator
Laboratory- Batavia (Agricultural site),
https://doi.org/10.17190/AMF/1246065
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CER 47.010

CER 46.778

US-RC2

US-RC5

CER 46.784

US-RC1

CER 46.758

DBF 41.555

US-Oho

US-RC4

ENF 44.647

US-MRf

-119.248

-116.949

-117.081

-117.078

-83.844

-123.552

Yes

Yes

Yes

Yes

No

No

0.13

0.53

0.41

0.41

0.66

1.41

203.66

721.96

565.75

565.75

927.61

1726.30

2012-01-01 to
2016-09-30

2012-01-01 to
2016-09-30

2011-01-01 to
2016-09-30

11.60 2013-01-01 to
2015-09-30

9.46

9.92

9.92

11.22 2004-01-02 to
2013-11-25

11.83 2006-01-01 to
2011-12-31

Brian Lamb, Shelley Pressley (2013-2015)
AmeriFlux US-RC5 Moses Lake on-farm site,
https://doi.org/10.17190/AMF/1498751

Brian Lamb, Shelley Pressley
(2012-2016) AmeriFlux US-RC4
Moscow Mountain on-farm site,
https://doi.org/10.17190/AMF/1498750

Brian Lamb, Shelley Pressley (20122016) AmeriFlux US-RC2 Cook
Agronomy Farm - Conventional Till,
https://doi.org/10.17190/AMF/1498747

Brian Lamb, Shelley Pressley
(2011-2016) AmeriFlux US-RC1
Cook Agronomy Farm - No Till,
https://doi.org/10.17190/AMF/1498748

Jiquan Chen (2004-2013) AmeriFlux US-Oho Oak Openings,
https://doi.org/10.17190/AMF/1246089

Bev Law (2005-) AmeriFlux USMRf Mary’s River (Fir) site,
https://doi.org/10.17190/AMF/1246049
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CER 44.722

OSH 43.168

US-Ro3

US-Rws

MF

GRA 33.737

US-SCf

US-SCg

33.808

CER 44.714

US-Ro1

43.065

CSH

US-Rms

-117.695

-116.772

-116.713

-93.089

-93.090

-116.749

No

No

Yes

No

Yes

Yes

0.19

0.23

0.19

0.64

0.64

0.47

407.33

498.80

307.96

876.48

876.48

719.00

2004-07-04 to
2007-12-28

2004-01-01 to
2016-12-31

2014-09-17 to
2017-12-31

19.65 2008-08-21 to
2011-04-26

14.58 2009-04-01 to
2015-01-08

10.52 2014-09-17 to
2017-12-31

8.89

8.89

8.79

Mike Goulden (2007-) AmeriFlux US-SCg Southern California Climate Gradient - Grassland,
https://doi.org/10.17190/AMF/1419502

Mike Goulden (2007-) AmeriFlux
US-SCf Southern California Climate Gradient - Oak/Pine Forest,
https://doi.org/10.17190/AMF/1419503

Gerald Flerchinger (2014-) AmeriFlux USRws Reynolds Creek Wyoming big sagebrush,
https://doi.org/10.17190/AMF/1375201

John Baker, Tim Griffis (2003-2010)
AmeriFlux US-Ro3 Rosemount- G19,
https://doi.org/10.17190/AMF/1246093

John Baker, Tim Griffis, Timothy Griffis
(2003-2017) AmeriFlux US-Ro1 RosemountG21, https://doi.org/10.17190/AMF/1246092

Gerald Flerchinger (2014-) AmeriFlux USRms RCEW Mountain Big Sagebrush,
https://doi.org/10.17190/AMF/1375202
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CER 43.241

EBF 25.363

DBF 39.914

US-SFP

US-Skr

US-Slt

GRA 34.362

US-Seg

OSH 34.335

OSH 33.605

US-SCw

US-Ses

OSH 33.734

US-SCs

-74.596

-81.078

-96.902

-106.744

-106.702

-116.453

-117.696

No

No

No

Yes

Yes

No

No

0.73

0.64

0.47

0.10

0.10

0.12

0.19

1242.74

1321.45

723.16

254.93

253.56

292.03

407.33

13.65 2005-01-01 to
2014-12-26

25.40 2004-01-07 to
2011-08-19

10.07 2008-01-18 to
2008-11-05

15.17 2007-01-01 to
2017-12-31

15.07 2007-01-01 to
2017-12-31

17.13 2008-10-01 to
2009-11-30

19.65 2008-08-21 to
2014-03-09

Ken Clark (2004-) AmeriFlux
US-Slt Silas Little- New Jersey,
https://doi.org/10.17190/AMF/1246096

Jose Fuentes (2004-) AmeriFlux US-Skr Shark
River Slough (Tower SRS-6) Everglades,
https://doi.org/10.17190/AMF/1246105

Tilden Meyers (2007-) AmeriFlux US-SFP Sioux Falls Portable,
https://doi.org/10.17190/AMF/1246126

Marcy Litvak (2007-) AmeriFlux US-Ses Sevilleta shrubland,
https://doi.org/10.17190/AMF/1246125

Marcy Litvak (2007-) AmeriFlux US-Seg Sevilleta grassland,
https://doi.org/10.17190/AMF/1246124

Mike Goulden (2007-) AmeriFlux USSCw Southern California Climate Gradient - Pinyon/Juniper Woodland,
https://doi.org/10.17190/AMF/1419504

Mike Goulden (2007-) AmeriFlux
US-SCs Southern California Climate Gradient - Coastal Sage,
https://doi.org/10.17190/AMF/1419501
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GRA 38.037

CSH

MF

US-Sne

US-SO4

US-SRC

WSA 31.821

MF

US-SRM

US-Syv

46.242

GRA 31.789

US-SRG

31.908

33.385

GRA 38.037

US-Snd

-89.348

-110.866

-110.828

-110.840

-116.641

-121.755

-121.754

No

Yes

Yes

No

No

Yes

No

0.75

0.14

0.17

0.11

0.22

0.16

0.16

812.68

375.68

424.89

298.63

467.35

343.51

343.51

5.76

2003-01-08 to
2017-10-19

20.28 2004-01-07 to
2017-12-31

19.66 2008-04-12 to
2017-12-31

21.09 2008-03-15 to
2014-05-20

14.88 2004-01-31 to
2006-12-31

17.68 2016-05-25 to
2017-12-31

17.68 2007-04-06 to
2014-12-31

Ankur Desai (2001-) AmeriFlux
US-Syv Sylvania Wilderness Area,
https://doi.org/10.17190/AMF/1246106

Russell Scott (2004-) AmeriFlux
US-SRM Santa Rita Mesquite,
https://doi.org/10.17190/AMF/1246104

Russell Scott (2008-) AmeriFlux
US-SRG Santa Rita Grassland,
https://doi.org/10.17190/AMF/1246154

Shirley Kurc (2008-) AmeriFlux
US-SRC Santa Rita Creosote,
https://doi.org/10.17190/AMF/1246127

Walt Oechel (2004-) AmeriFlux
US-SO4 Sky Oaks- New Stand,
https://doi.org/10.17190/AMF/1246099

Dennis Baldocchi (2016-) AmeriFlux USSne Sherman Island Restored Wetland,
https://doi.org/10.17190/AMF/1418684

Dennis Baldocchi (2007-2015) AmeriFlux US-Snd Sherman Island,
https://doi.org/10.17190/AMF/1246094
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DBF 35.959

DBF 45.806

US-WCr

DBF 45.560

US-UMB

USWBW

BRO 38.109

US-Twt

DBF 45.563

BRO 38.116

US-Tw3

US-UMd

WSA 38.432

US-Ton

-90.080

-84.287

-84.698

-84.714

-121.653

-121.647

-120.966

Yes

No

Yes

Yes

Yes

Yes

Yes

0.68

0.92

0.73

0.73

0.19

0.19

0.31

813.03

1416.24

858.64

858.64

393.77

393.77

575.35

2015-01-01 to
2017-10-22

2007-01-03 to
2017-10-21

6.03

2003-01-18 to
2017-12-30

15.99 2003-01-03 to
2007-06-02

7.68

7.68

17.42 2009-04-04 to
2017-04-03

17.42 2013-05-25 to
2017-12-31

17.73 2003-01-01 to
2017-11-16

Ankur Desai (1999-) AmeriFlux US-WCr Willow Creek,
https://doi.org/10.17190/AMF/1246111

Tilden Meyers (1995-1999) AmeriFlux
US-WBW Walker Branch Watershed,
https://doi.org/10.17190/AMF/1246109

Christopher Gough, Gil Bohrer,
Peter Curtis (2007-) AmeriFlux
US-UMd UMBS Disturbance,
https://doi.org/10.17190/AMF/1246134

Christopher Gough, Gil Bohrer, Peter Curtis (1999-) AmeriFlux US-UMB
Univ. of Mich. Biological Station,
https://doi.org/10.17190/AMF/1246107

Dennis Baldocchi (2009-2017) AmeriFlux US-Twt Twitchell Island,
https://doi.org/10.17190/AMF/1246140

Dennis Baldocchi (2013-) AmeriFlux US-Tw3 Twitchell Alfalfa,
https://doi.org/10.17190/AMF/1246149

Dennis Baldocchi (2001-) AmeriFlux US-Ton Tonzi Ranch,
https://doi.org/10.17190/AMF/1245971
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GRA 31.737

GRA 37.521

US-Wkg

US-Wlr

ENF 45.821

OSH 31.744

US-Whs

US-Wrc

OSH 40.784

US-Wdn

-121.952

-96.855

-109.942

-110.052

-106.262

Yes

No

Yes

Yes

No

1.68

0.49

0.14

0.11

0.23

2407.38

985.61

363.00

317.14

367.02

2006-01-01 to
2008-07-13

10.83 2003-01-01 to
2015-12-31

14.98 2003-01-01 to
2004-09-26

18.11 2004-05-07 to
2017-12-31

19.15 2007-06-30 to
2017-12-31

4.60

Sonia Wharton (1998-2016) AmeriFlux US-Wrc Wind River Crane Site,
https://doi.org/10.17190/AMF/1246114

David Cook, Richard L. Coulter
(2001-2004) AmeriFlux US-Wlr Walnut River Watershed (Smileyburg),
https://doi.org/10.17190/AMF/1246115

Russell Scott (2004-) AmeriFlux USWkg Walnut Gulch Kendall Grasslands,
https://doi.org/10.17190/AMF/1246112

Russell Scott (2007-) AmeriFlux USWhs Walnut Gulch Lucky Hills Shrub,
https://doi.org/10.17190/AMF/1246113

Brent Ewers, Elise Pendall (20062008) AmeriFlux US-Wdn Walden,
https://doi.org/10.17190/AMF/1246832
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